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Abstract

Space manipulators are receiving increasing attention in on-orbit servicing,
debris-removal, and capture missions, where manipulator motion and space-
craft attitude are dynamically coupled through internal momentum exchange.
In these systems, actuator limits, nonlinear dynamics, and post-capture
inertial changes make constrained control a challenging problem.

This thesis develops and validates a Model Predictive Control (MPC)
framework for a planar free-floating spacecraft equipped with a two-link
manipulator. The control design is based on a reduced-order model in which
the spacecraft base twist is eliminated through momentum conservation, while
the nonlinear simulation still propagates the spacecraft attitude quaternion
for kinematic consistency and diagnostic checks. This separation keeps the
online optimization problem compact while preserving the dominant base-arm
coupling effects in the plant.

Starting from the reduced nonlinear model, discrete-time linear predic-
tors are constructed around selected operating conditions. Two nominal
formulations are considered: a Linear Time-Invariant (LTI) MPC based on a
single linear predictor, and a Linear Parameter-Varying (LPV) MPC obtained
from multiple local linearizations and online interpolation. A tube-based
robust MPC formulation is then introduced to handle bounded mismatch and
payload uncertainty.

The framework is implemented in MATLAB/Simulink and assessed over
nominal regulation, end-effector tracking, post-capture regulation with pay-
load mismatch, online payload-estimate updates, and retained stressed post-
capture scenarios. The results show that the single-predictor formulation
already provides a very strong baseline for final-residual minimization in local
and moderately stressed regulation tasks. The LPV predictor captures local
operating-point dependence more explicitly, but in the reported dataset it does
not provide a systematic final-accuracy advantage over the LTI baseline. The
robust formulation is useful when lower torque peaks and more conservative
transients are preferred under bounded mismatch, although these gains come
with stronger conservatism, stricter target semantics, and a substantially
larger computational burden.

Overall, the thesis provides a control-oriented benchmark in which pre-
dictor choice, robustness mechanisms, torque demand, and model-mismatch
effects can be compared on the same reduced plant and under shared evalua-
tion assumptions.
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Chapter 1

Introduction

1.1 Motivation and Background

On-orbit servicing (OOS) and in-space assembly/manufacturing missions are
increasingly relying on robotic manipulation. In these scenarios, a servicer
spacecraft must interact with a target satellite or with orbital infrastructure
while preserving safety, respecting operational constraints, and maintaining
sufficient motion accuracy. When a robotic arm is mounted on a spacecraft,
however, the manipulation task cannot be treated as an isolated arm-control
problem: joint motion induces a reaction on the base, and this base motion in
turn affects the end-effector behavior. Under free-floating conditions, where
external actuation is intentionally not used during the maneuver, this dynamic
coupling becomes one of the central control challenges [1]-[4].

From an operational viewpoint, space manipulator systems are commonly
discussed in terms of different actuation modes. In free-floating operation,
no external actuation is used and the motion is governed by momentum
conservation. In partial free-floating operation, some attitude support may
still be available, while translational motion remains unactuated [2|. The
benchmark studied in this thesis focuses on the fully free-floating case, which
represents the most strongly coupled and control-demanding regime among
those considered.

The system considered here is a planar spacecraft—-manipulator benchmark
composed of an unactuated base and a two-link revolute arm. The simulations
start from zero total momentum, so that the base motion is generated only by
the manipulator dynamics and can be reconstructed from the joint evolution
through momentum conservation [5], [6]. This enables a reduced-order control
formulation in joint space, while the nonlinear simulation retains the spacecraft
attitude evolution for physical consistency.



A second key aspect of the problem is that prediction mismatch cannot be
neglected. Even with a carefully derived reduced model, the controller must
operate in the presence of discrepancies caused by model reduction, local
linear approximation, discretization, and payload uncertainty. In this thesis,
these effects are treated in a control-oriented way as bounded mismatch, so
that they can be incorporated consistently into the robust design developed
later.

Overall, the thesis addresses a constrained manipulation-control problem
under free-floating conditions. The objective is not to solve the most general
spacecraft-control problem, but to build a coherent benchmark in which
reduced-state prediction, constraint handling, and robustness to bounded
mismatch can be studied within a common comparative framework.

1.2 On-Orbit Manipulation and Servicing Mis-
sions

Several space missions have highlighted the relevance of robotic manipulation
for future orbital operations. Early demonstrations such as ETS-VII showed
clearly that manipulator motion can induce significant spacecraft reactions,
making the control of the coupled base—arm system a practical engineering
issue rather than only a theoretical one [1], [2], [7], [8].

Robotic systems on the International Space Station, including Canadarm?2
and the European Robotic Arm, have further demonstrated the operational
value of orbital manipulation, even though they do not operate in free-floating
conditions [2], [9], [10]. Technology demonstrations such as the Robotic
Refueling Mission series have also shown that orbital manipulation is shaped
by strict operational constraints, uncertainty, and demanding task sequencing
[11]. More recent studies have emphasized the importance of coordinated
spacecraft—arm control during close-proximity and capture operations, where
the dynamic interaction between the base and the manipulator becomes even
more critical [12].

The benchmark adopted in this thesis is intentionally simplified, but it is
designed to retain the essential coupled-control problem. The system is planar,
free-floating, and equipped with a two-link revolute arm. External forces
and torques are neglected over the maneuver window, and the simulations
start from zero total momentum. Within this setting, the nonlinear plant
propagates the spacecraft attitude for consistency, whereas the controller
operates on a reduced joint-space model obtained by eliminating the base
twist through momentum conservation [5], [6].



This choice defines the scope of the thesis. The aim is not to reproduce all
aspects of a complete mission scenario, but to isolate the coupled manipulation
problem in a setting that is physically meaningful and suitable for a systematic
comparison across multiple control formulations.

1.3 Control Approach: LPV Model Predictive
Control and Robust Tubes

This thesis adopts a Model Predictive Control (MPC) framework built on
a reduced-order model of the free-floating spacecraft—-manipulator system.
At each sampling instant, the controller computes joint torques by solving
a constrained optimization problem that explicitly accounts for actuator
saturation, joint-position limits, joint-velocity bounds, and, when required,
end-effector-related output constraints. The prediction model is based on the
reduced joint-space dynamics, while the nonlinear simulation is used to assess
the closed-loop behavior of the coupled system.

The control problem studied here is therefore not a full spacecraft-attitude
MPC problem. Instead, it is a constrained manipulation-control problem in
which the dominant base—arm coupling is represented through the reduced
free-floating dynamics. This allows the benchmark to remain focused on the
interaction between prediction quality, constraint handling, and robustness,
without moving to a fully nonlinear online optimization framework.

To capture the main dependence of the dynamics on the operating con-
dition while preserving a tractable quadratic-program structure online, the
thesis employs a scheduled linear prediction framework. In particular, the
reduced nonlinear model is approximated through a family of local linear
predictors defined over a relevant operating region, leading to an LPV-type
surrogate [13|, [14]. This makes it possible to compare different prediction
strategies without abandoning the computational structure of linear MPC.

Three controller formulations are considered within a common framework.
The first is a nominal MPC with a single linear predictor and serves as
an LTI baseline. The second is a nominal MPC with a scheduled LPV
predictor, introduced to improve prediction fidelity over a wider operating
region. The third augments the nominal framework with a tube-based robust
layer designed to handle bounded mismatch and payload uncertainty [15],
[16].

For regulation and tracking tasks, the formulations adopt a constrained-
target strategy so that the optimizer can handle aggressive or partially
incompatible references in a controlled way, rather than enforcing them rigidly



under all conditions [17], [18]. In this way, feasibility and target consistency
can be addressed within a common predictive-control structure.

Post-capture conditions are represented through a payload model at the
end-effector, with a distinction between the true payload used in the nonlinear
plant and the payload estimate used in the predictor. This allows the effect
of parametric mismatch to be studied in a controlled way and supports
a progressive comparison between nominal and robust controllers under
increasingly demanding operating conditions.

The complete framework is implemented in MATLAB/Simulink and is
used here as a comparative simulation environment for controller assessment
under shared assumptions.

1.4 Case Studies and Evaluation Criteria

The simulation campaign is organized into four case studies:

(i) Case 1 (nominal regulation), used to verify basic closed-loop consistency
and constraint handling under free-floating conditions without payload
uncertainty;

(ii) Case 2 (pre-capture tracking/deployment), used to assess tracking
performance and output-constrained end-effector behavior;

(iii) Case 8 (post-capture regulation with payload), used to quantify the
effect of payload uncertainty and compare nominal versus robust MPC;

(iv) Case 4 (payload plus additive disturbance), used as a stress test for
feasibility and constraint satisfaction under bounded mismatch.

In post-capture conditions, an additional step change in the payload
estimate is introduced to emulate an onboard update of the prediction model
and to observe the controller response to an abrupt change in the assumed
parameters.

The compared controllers are evaluated through a common set of indicators.
These include tracking measures, constraint-related quantities, computational
metrics, and selected physics-based diagnostics used to verify the numerical
consistency of the free-floating implementation. Unless otherwise stated,
the controllers are compared under shared initialization, solver, and main
weighting assumptions, so that the observed differences can be interpreted
mainly as consequences of the prediction model and robustness layer rather
than of case-specific retuning choices.



1.5 Reproducibility Notes

The reported case studies are generated within a shared simulation setup.
Physical parameters, prediction models, controller settings, and scenario-
dependent options are built from a common initialization procedure, and
the same overall MATLAB/Simulink architecture is used throughout the
campaign. This is important for the comparison, because it limits artificial
differences caused by inconsistent parameter handling across cases.

All simulations store the signals needed to recompute the reported metrics
offline, including tracking errors, state/input/output constraint indicators,
QP solve times, and the diagnostics later used to interpret LPV locality
and robust-controller behavior. These signals are post-processed into KPI
tables and representative plots, while the raw time histories are preserved for
traceability.

Within this shared setup, the developments specific to this thesis concern
the reduced spacecraft-manipulator model integration, the generation and
management of the scheduled predictors, the payload-dependent predictor
updates used in the post-capture studies, and the robust-control components
adopted in the final case studies.

1.6 Research Objectives, Gaps, and Thesis Or-
ganization

The main ingredients considered in this thesis are individually well known:
reduced free-floating modeling, linear predictive control, LPV scheduling, and
robust MPC. The specific gap addressed here is their joint use within the
same control-oriented benchmark for a free-floating spacecraft—manipulator
system. In particular, the thesis focuses on whether changes in predictor
structure and robustness logic produce practically relevant differences when
the plant, the main constraints, and the simulation assumptions are kept
aligned.

For this reason, the work is not organized around a single controller claim.
Instead, it studies three predictive-control formulations on the same reduced
benchmark: a nominal MPC with a single predictor, a nominal MPC with
scheduled local predictors, and a tube-based robust MPC formulation for
bounded mismatch conditions. This setting makes it possible to compare
final residuals, transient behavior, torque demand, feasibility margins, and
computational cost without mixing these effects with unrelated changes in
plant definition or case-dependent controller architecture.



The workflow of the thesis therefore connects five elements: reduced non-
linear modeling of the free-floating plant, local operating-point linearization,
construction of scheduled predictors, nominal and robust MPC design, and
closed-loop validation over representative maneuver scenarios. The resulting
comparison is intended to answer not only whether a more elaborate controller
can be built, but also when that additional complexity is actually useful in
the present benchmark.

The work is guided by the following research questions:

1.

4.

How can free-floating spacecraft—-manipulator dynamics be approximated
by a reduced-order LPV surrogate that remains sufficiently accurate
over the relevant operating region while preserving a tractable online
MPC problem?

How can an MPC-based controller coordinate manipulation objectives
under tight state, input, and output constraints while accounting for
the dominant base—arm coupling effects?

How can a tube-based robust layer be added on top of the reduced
prediction model to improve behavior under bounded mismatch and
payload uncertainty while retaining a practically usable optimization
structure?

What trade-offs arise between nominal and robust MPC formulations
in representative on-orbit scenarios, in terms of final accuracy, transient
response, torque peaks, constraint handling, and computational effort?

The main contributions of this thesis can be summarized as follows:

e A reduced modeling and simulation benchmark for a planar free-floating

spacecraft—-manipulator system, built for constrained-control studies
and consistent closed-loop comparison.

e An LPV prediction framework generated from multiple local lineariza-

tions over a relevant operating region, with online scheduling based on
convex interpolation.

e A unified MPC structure including a nominal single-predictor formu-

lation, a nominal scheduled-predictor formulation, and a tube-based
robust extension under shared benchmark assumptions.

A comparative simulation campaign over representative regulation,
tracking, and post-capture scenarios, reporting tracking, constraint-
related, diagnostic, and computational metrics.

The remainder of this thesis is organized as follows. Chapter 2 introduces
the system definition, reference frames, and modeling conventions. Chapter 3
develops the reduced nonlinear plant and discusses the numerical safeguards



adopted in simulation. Chapter 4 presents the linearization procedure and
the construction of the scheduled prediction model. Chapter 5 formulates
the nominal and robust MPC controllers. Chapter 6 describes the simulation
architecture and the benchmark setup. Chapter 7 reports the comparative
case studies and discusses the main observed trade-offs. Chapter 8 concludes
the thesis and outlines possible research extensions.



Chapter 2

Mathematical Model of the
System

2.1 Free-Floating Spacecraft—Manipulator Sys-
tem

On-orbit servicing missions often employ a robotic manipulator mounted on
a free-flying spacecraft bus. In free-floating configurations, the base attitude
and the manipulator motion are dynamically coupled through conservation of
total momentum, and no external actuation is used to regulate the composite
system motion. This chapter introduces the system architecture, reference
frames, attitude representation, and the kinematic and mass—inertia notation
adopted throughout the thesis. The energy-based equations of motion and
the reduced model used for control design are then presented.

The system considered in this thesis consists of a rigid service spacecraft
(“chaser”) carrying a serial robotic arm. The satellite body frame {S} is
attached to a reference point CMO on the bus; by convention, the +Sz axis
points toward the location of the first joint of the robotic arm. The arm
comprises n revolute joints and n rigid links L;, ¢ = 1,...,n, connected
in an open kinematic chain. In the simulations presented in this thesis, a
two-joint arm (n = 2) is considered in order to keep the reduced dynamics
and the resulting MPC formulation sufficiently compact while still capturing
the essential features of base—arm coupling.

Although the notation is kept generic for an n-link serial chain, the bench-
mark considered here is intentionally specialized to the planar two-joint case
with homogeneous links. This simplification is adopted to keep the sym-
bolic expressions, the numerical model, and the repeated linearization/MPC
workflow tractable, while still retaining the essential free-floating base—arm
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Figure 2.1: Schematic representation of the planar free-floating satellite—
manipulator benchmark considered in this thesis. The figure shows the
inertial frame {I}, the satellite body frame {S}, the two-link revolute arm,
the joint locations, the link centers of mass, and the end-effector frame { EE'}.
The offset dy identifies the fixed distance between the spacecraft center of
mass and the first joint along the positive zg direction.



coupling mechanisms relevant to the control problem addressed in this thesis.

In the planar benchmark, the effective base attitude reduces to a rotation
about the out-of-plane axis. The quaternion is nevertheless retained in the
nonlinear plant so that the attitude representation remains compatible with
the general 3D derivation.

The manipulator is connected to the spacecraft bus through a fixed offset
of length dj, defined as the vector from the spacecraft CoM point CMO to
joint 1 along the +Sz direction. In practice, dy is the equivalent constant
offset used in the model and can be obtained from CAD by composing the
fixed bus-to-mount and mount-to-joint distances along +S=z. This preserves
the momentum-based formulation about CMO0 while remaining consistent
with the adopted geometric description.

Each link L; is modeled as a rigid body with a body-fixed frame {L;}
located at its center of mass (CoM), and with the link axis aligned with +L,z.
Joint positions and rates are collected in the vectors

0=1[01,...,6,]", 0=16,...,60,]",

and the joint input torques are denoted by 7 € R".

To model grasped-object effects in a compact form, an effective payload
mass m, can be included in the inertia properties. In the numerical model,
its contribution can be scaled by a coupling factor x € [0, 1], where K = 0
corresponds to no payload effect and k = 1 to a fully coupled payload. This
parametrization is convenient for uncertainty and scenario studies.

In this benchmark, the payload is modeled as an effective point mass
attached at the end-effector. Therefore, only its translational contribution to
the kinetic energy is retained, while payload rotational inertia is neglected.
The coupling factor  is used to scale the resulting effect continuously from
the uncoupled case to the fully coupled case.

An inertial frame {7} is introduced as a Newtonian reference frame fixed
in space. All momentum quantities are ultimately referred to {/}, which
simplifies the statement of conservation laws in free-floating mode [1]. Most
kinematic quantities, such as positions and joint axes, are expressed in the
satellite frame {S}.

The following notation is adopted throughout the chapter:

e R;s(q) € SO(3) denotes the rotation matrix from the satellite frame {S'}
to the inertial frame {I}. Thus, for any vector °r expressed in {S}, its
representation in {I} is ir = R;s(q) *z.

e Rgp(f) € SO(3) denotes the rotation matrix from a generic body-fixed

frame {B} (bus or link frame) to the satellite frame {S}. It is used to

10



express body inertias and directions consistently in {S} before mapping
them to {/} through R;s(q).

e Positions are denoted by “pp € R?, meaning the vector from the origin of
frame {A} to point B, expressed in {A}. In particular, the bus center-of-
mass point CMO is located at the origin of {S}, hence “pcygo = 0.

e The position of the link-i CoM in {S} is denoted by “pz.(6), and the
composite system CoM is denoted by “pcon(6).

The attitude of the satellite body frame {S} with respect to {/} is
represented by a scalar-first unit quaternion
]T

q= [QO q1 92 g3 , HQH =1,

with vector part q, = [q1 g2 ¢3]". Throughout this thesis, [a] b £ a x b for
any a,b € R3. The corresponding rotation matrix Rrs(q) is given by

Ris(q) = (6 —4,9,) I3+ 24,9, +20](q,], -
For later use, the base twist at CMO is defined in both frames:

They are related by

i = blkdiag(R;s(q), Rrs(q)) v -

The symbol 2} denotes the inertial-frame base twist stacked at CMO,
not the time derivative of a minimal pose parametrization. This notation
is retained for consistency with the momentum mapping used later in the
model.

Kinematic Jacobians are expressed in {S}, while momentum and energy
quantities are computed in {/} using a‘:é ; the two representations are mapped
through R;s(q) as in the relation above. In the numerical model adopted in
this thesis, #{ is used to compute momentum quantities and to propagate the
quaternion.

In the formulation adopted here, the quaternion is propagated using the
inertial-frame angular velocity fwy:

(2.1)

qa=5U%(w)a,  Qw) = {0 ) ] '

w _[W]x

Equivalent forms can be written using the body-rate 2wy and a right-product
matrix; the present convention is selected to remain consistent with the
adopted modeling framework.

The focus of this thesis is on the free-floating operating mode, in which
no external control forces or torques are applied to the spacecraft bus:

11



e No thrusters or translational actuators are used. The inertial CoM velocity
is constant; if the initial linear momentum is zero, the inertial CoM remains
fixed [2].

e Momentum-exchange devices (reaction wheels, CMGs) are kept inactive in
the baseline model; only joint torques 7 act as control inputs.

e All bodies are rigid, with fixed mass and inertia tensors; flexibility and
elastic joints are neglected.

e External disturbances (drag, gravity gradient, SRP, magnetic torques) are
neglected in the nominal model and treated later as bounded disturbances
in the robust MPC formulation.

Under these assumptions, the total linear and angular momentum of the
composite system are conserved in {/}. These invariants provide consistency
checks for the numerical implementation and form the foundation for the
reduced model used for control design [1].

2.2 Kinematics and Mass—Inertia Properties

This section summarizes the kinematic relations and mass—inertia quantities
needed to build the generalized inertia matrix and the composite center of
mass.

Manipulator kinematics are formulated in the satellite frame {S}. Let P
be an arbitrary point rigidly attached to the manipulator (end-effector, link
CoM, etc.), and let “pp(6) € R? be its position in {S}. Its combined velocity
expressed in {S} can be written as

| = st oz, (22)

where JF'(0) € R®* maps the base twist to the twist at P, and JZ'(0) € R6*"
is the manipulator geometric Jacobian at P. The base contribution follows
from rigid-body kinematics:

L A e

Let B € {S,Ly,...,L,} denote a rigid body of the system. Its parameters
are mass mp > 0, CoM inertia tensor 1§ € R3*3 expressed in the body-fixed
CoM frame, and CoM position “pp(6) in {S}. The inertia about the origin of
{S}, expressed in {S}, is obtained using rotation and parallel-axis shift:

SIp(8) = Rsp(0) °IG Rip(0) + mp [p(0)], [a(0)]..  (24)

12



For the satellite bus at CMO0, ®ps = 0 and “Is = “I§.

The explicit dependence of the inertia blocks on the quaternion follows
from expressing the generalized base twist through the inertial-frame quantity
il. An equivalent formulation based on body-frame angular rates could
reduce this dependence, but the present convention is retained to remain
consistent with the chosen quaternion propagation.

Let mg be the satellite mass and m, the link masses. Since the origin
of {S} is placed at CMO, the satellite contribution to the CoM numerator is

zero. The total mass can include an effective payload term xm,,. Thus,

E?:l mr; SpLi (9) + KMy Spp<9)
Mtot ’
(2.5)
where “p,(0) is the payload attachment point, typically coincident with the
end-effector position.
Collect the generalized velocity vector as

Miow =ms+ Y _mp, +rmy,  “peon(f) =
i=1

I'I
= {90} c RO, (2.6)
The kinetic energy can be written as

T(q.0,¢) = 3¢ H(q,0)¢, (2.7)
where the generalized inertia matrix admits the partition

_ HO(qae) HOm(qae)

a0 =1 (q.6) Holq.0)]"

(2.8)

This partition matches the structure used in the numerical model and in
generalized Jacobian formulations for floating-base systems [1].

2.3 Emergy-Based Modeling and Equations of
Motion

Under the modeling assumptions above, the Lagrangian coincides with the
kinetic energy. The equations of motion can be written in the standard
robot-dynamics form:

H@@é+0@&@g=ﬁ“ﬂ7 (2.9)

T
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where C(q, 0, &) € REFT*x6+1) collects Coriolis and centripetal terms. The
matrix C' can be chosen such that H — 2C' is skew-symmetric, ensuring the
usual power-balance property.

Define the inertial-frame momentum vector associated with the base
coordinates by stacking the total linear momentum and the total angular
momentum about CMO0, namely

he [ P } — Ho(q,0) it + Hon(g,0) = My, 2.10)

In free-floating mode, this quantity is conserved:
M,y = 0. (2.11)

This is the key structural property exploited to derive a reduced model suitable
for control design [1], [2].

2.4 Reduced Model for Control Design (Schur
Complement Form)

The numerical model adopted in this thesis exploits momentum conservation
to eliminate the base twist from the dynamics, yielding a compact joint-space
model complemented by quaternion kinematics.

From (2.10), the base twist can be expressed as

ib = Hy'(q,0) (Mo — Hom(q,0)0). (2.12)

In the simulation scenarios used for controller design, the initial momentum
is set to zero, My = 0. Therefore,

l‘é = _K(qae) 6’ K(qa 9) = Hgl(qae) HOm(qae)v (213)
which matches the generalized Jacobian framework commonly used for floating-
base spacecraft—-manipulator systems [1], [5], [6].

The base angular velocity lwy extracted from i is then used in (2.1) to
propagate the quaternion.

Partitioning (2.9) and eliminating #{ through the Schur complement yields
the reduced inertia matrix

H*(q> 9) = Hm((L 9) - H(;rm(q7 9) H()_l(Q7 9) HOm(qa 9)’ (214)

which is symmetric positive definite under standard inertia assumptions. The
reduced joint dynamics can be written as

H*(q,0)0 =7 —C*(q,0,0)0 + dy(2), (2.15)

14



where C*6 collects velocity-dependent terms and dy represents unmodeled
effects and disturbances. Reduced joint-space formulations of this type are
commonly used in the literature for zero-momentum spacecraft—manipulator
systems [2].

The term dy(t) is introduced only as a control-oriented lumped residual. It
collects effects that are present in the nonlinear plant but are not retained ex-
plicitly in the compact prediction model, including attitude-dependent terms
neglected online, linearization and discretization residuals, and parametric
mismatch. In the discrete-time MPC formulation, this continuous-time resid-
ual is later represented by an equivalent bounded additive mismatch w;, € W.
This choice preserves the reduced free-floating structure while keeping the
predictor compact enough for LPV page generation and QP-based MPC.

The simulation state used in subsequent chapters is

q
0

Tsim = )
0
where the quaternion is propagated through (2.1) and the base twist is
recovered algebraically from (2.13). For control design, this same residual
is later represented in the discrete-time predictor as an equivalent bounded
additive mismatch wy, € W, so that the reduced model remains compact and
directly usable for LPV prediction and MPC design.

A further approximation is introduced only at predictor-construction level:
in Chapter 4, the quaternion entering the inertia packing is frozen to the
normalized initial attitude ¢, and the resulting residual is absorbed into the
bounded mismatch description.

This reduced model is the basis for the controller state, the operating-point
linearizations, the LPV predictor pages, and the robust mismatch description
used in the following chapters. Consequently, the controller comparisons must
be interpreted with respect to this reduced joint-space model rather than
with respect to a full six-degree-of-freedom spacecraft state representation [1],

[5], [6]

2.5 Controller Variables, Outputs, and Con-
straints

For control purposes, the prediction model used by the MPC is expressed in
the reduced state

0
x:{H-}ERQ”, u=rT1¢€R",
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while the plant simulation additionally propagates the spacecraft attitude
quaternion g using inertial-rate kinematics consistent with the free-floating
momentum composition.

Two output configurations are considered:

(i) state-output mode, where y = x;
(ii) end-effector-output mode, where the constrained output collects planar
end-effector quantities, y = [Tee, Yee, Va, V)"

In end-effector-output mode, the output is evaluated through a local
linearization around the operating point,

Yy = COSE + Ubias;

where yp;,s enforces consistency between the nonlinear output and its linear
approximation at the operating point. In the planar case considered here,
the bias affects only the position components. For constraint handling in the
MPC, this bias is absorbed into shifted references and bounds, so that the
constrained output map remains linear in the optimization variable.

The end-effector-output mode should therefore be interpreted as a local
constraint /tracking surrogate around the selected operating point, not as a
globally exact kinematic output map over the full workspace.

Hard bounds are imposed on joint positions and rates, 6 € [Onin, Omax],
0 € [émin, émax], and on input torques u € [Unyin, Umax]- In end-effector-output
mode, the same shift is applied to the output bounds.

Accordingly, the plant and the controller do not use the same state and
output description. The nonlinear simulation propagates the quaternion
and reconstructs base motion from momentum composition, whereas the
MPC layer uses only the reduced joint-space state and, when required, a
local affine end-effector output map. This separation keeps the prediction
model compact while preserving the dominant base reaction in the plant. In
end-effector-output mode, any loss of tracking quality far from the selected
operating point should therefore be interpreted as output-model mismatch
rather than as an inconsistency of the constrained MPC formulation itself.

2.6 Scheduling Variables

For later use in the LPV predictor, the scheduling vector is chosen as

s = {g} € R™, ng = 2n.
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The operating region is defined as a hyper-rectangle in s. The interpolation
and simplex-partition strategy used for online LPV model assembly are
introduced in Chapter 4.

In the predictor adopted here, the geometric scheduling coordinates are
the joint positions and rates collected in s. Payload-mass estimates and
coupling-factor estimates are not treated as additional simplex coordinates;
instead, they are handled through separate page blocks generated offline and
selected or interpolated only at block level. This separation prevents an
unnecessary growth of the simplex dimension and keeps the local scheduling
geometry tied only to the state-dependent variables (6, 0).
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Chapter 3

Dynamics Model

This chapter derives the nonlinear plant used in simulation and in the lineariza-
tion pipeline. The adopted formulation is free-floating and control-oriented:
the spacecraft base is unactuated, base motion is induced by internal joint
torques, and the resulting dynamics are governed by inertial-frame momentum
conservation. All conventions (frames, scalar-first quaternions, and the iner-
tial base twist @) follow Chapter 2. The final part of the chapter documents
the correspondence between the main equations and the structure of the
nonlinear plant used in the numerical study.

Throughout this chapter, external forces and torques acting on the
spacecraft—-manipulator system are assumed negligible over the maneuver
time window. Under this hypothesis, total linear and angular momentum are
conserved, and these quantities are used both as structural properties of the
model and as consistency checks for the implemented plant.

3.1 Inertia Blocks using Symbolic Composite
Rigid-Body Modeling

The nonlinear plant uses the same free-floating spacecraft—-manipulator bench-
mark introduced in Chapter 2: a rigid unactuated bus, a planar n-DoF serial
arm (with n = 2 in this thesis), and joint torques 7 € R™ as the only control
inputs. Payload effects are represented through an effective point mass m,,
attached at the end-effector and scaled by a coupling factor « € [0, 1].

The payload is modeled as a point mass at the end-effector; therefore,
only its translational kinetic-energy contribution is retained, while payload
rotational inertia is neglected.
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The generalized velocity used by the plant is

é-é |::Ig€:| c R6+n,

s (3.1)
Pl — Vo
The kinetic energy is expressed in quadratic form as
T(q,0,¢) = 3¢ H(q,0)¢, (3.2)
where H(q, 0) is symmetric positive definite and partitioned as
Hy(q,0) Hyn(q,0
H(q,0) 0(9.6) * Hon(q,0) (3.3)

" |Hg(q.0) Hu(g,0) ]

with Hy € R%*¢ H,,, € R*" and H,, € R™*",

The inertia blocks are generated from composite rigid-body kinetic-energy
contributions (bus, links, and payload point mass). To keep the sym-
bolic expressions compact, the adopted formulation uses a homogeneous-link
parametrization:

identical link inertias: a single J; € R3*3 is reused for all links;

identical link masses: a single m; is reused for all links;

identical link length: a single scalar [,., is reused for all links;

the payload contribution is controlled by xm,, (with x = 0 disabling payload
coupling).

These assumptions keep the symbolic expressions manageable and are
sufficient for the uncertainty and stress scenarios considered later. They
should be interpreted as benchmark-oriented modeling choices rather than as
general properties of spacecraft manipulators. They are adopted to keep the
symbolic generation, numerical evaluation, and repeated linearization steps
computationally tractable while preserving the dominant base—arm coupling
mechanisms relevant to the control study.

To avoid online symbolic assembly, analytic expressions for { Hy, Hom, Hpm }
and their joint derivatives are generated offline and exported as fixed-dimension
routines:

(HO> H0m7 Hm) = JT_‘H(W)>

(3.4)
(% 25, 28 ) = Fan(m),
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where the parameter vector 7 follows the ordering used consistently in the
plant:

larm

vec(J;)
vec(J,)]

Here dj is the +Sz offset from the bus CoM (CMO) to joint 1. In the numerical
model, n is kept as a fixed configuration parameter so that matrix dimensions
remain constant throughout the plant.

3.2 Free-Floating Reduction and Reduced Joint-
Space Dynamics

The free-floating equations of motion can be written in standard manipulator
form:

T

H(q,0)€ + C(q,0,6) € = [O} , (3.6)

where the upper six generalized forces are zero because the base is unactuated.
A key structural quantity is the inertial-frame momentum mapping

he [LPI } — Hy(q.6) i + Hon(g,6)6, (3.7)
CMO
which is conserved in the absence of external wrenches.

The stacked momentum mapping h = [P Lly,]" corresponds to the
conserved momentum vector introduced in Chapter 2, written here with an
explicit separation between linear and angular components.

All simulation cases used for controller validation start from a zero total
momentum condition h(0) = 0. Therefore, the base twist is algebraically
determined by

ig=—K(q,0)0, K(q.0)= Hy'(q,0) Hom(q,0). (3.8)

This relation is used directly in the plant to recover the base twist from the
joint rates under zero-momentum conditions. The resulting momentum-based
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reduction and Schur-complement formulation are standard in free-floating
spacecraft—-manipulator modeling and are adopted here in a control-oriented
form [1], [2].

In this benchmark, this reduction is the natural consequence of the chosen
operating regime: free-floating motion over finite horizons, negligible external
wrenches, and zero initial momentum in all controller-validation scenarios.

Eliminating #{ yields a reduced joint-space inertia

H*(qa 6) £ Hm(qa 0) - H(—)rm(qa 9) H()_l(q7 9) HOm(q7 8)7 (39)

which is symmetric positive definite, as a Schur complement, and is the matrix
used online to compute 6.
The reduced joint dynamics are written in the classical second-order form

H*(q,0)0 +C*(q,0,0)0 = 7 + dy(2), (3.10)

where dy(t) collects unmodeled effects and numerical residuals.

Rather than differentiating (3.9) directly, the implementation computes
OH* /00, from the derivatives of {Hy, Hom, H,} generated offline. With
K 2 Hy'Hy,,, a convenient identity is

OH*  OH,,  (0Hy,\ ' . {0Hy, - {0H,
- - K- H H Y vy (S0 k.
06r 0, ( 06, ) omtlo \ Tgg, ) T Hom'o | g,

(3.11)

In the plant, (3.11) is evaluated through stable linear solves and explicit
symmetrization to reduce sensitivity to floating-point asymmetries.

Given OH* /00y, the Coriolis matrix is formed through Christoffel symbols:

) "1 (OH OHy OH.\ .
Cr(q,0,0) =) = z k) 3.12

and the velocity-dependent generalized force is computed as
C*0 & C*(q,0,6) 0. (3.13)

This is the velocity-dependent term used by the reduced nonlinear plant.
The inertia blocks depend on the base attitude through g because body-
frame inertias are rotated into the inertial convention used by 2. However, the
reduced Coriolis/centrifugal term is constructed using only partial derivatives
with respect to joint angles, since the exported symbolic derivatives provide
J(+)/00 only. As a consequence, contributions induced by the time variation
of H*(q,0) through ¢ are not represented explicitly in C*(-)d. In this thesis,
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these neglected terms are treated as part of a lumped mismatch dy(t) in
(3.10). In the implemented plant, dy(t) is therefore not reconstructed as a
separate signal. It represents the residual between the ideal reduced model
and the adopted joint-space computation, and it is intentionally deferred
to the mismatch description used later for prediction-error budgeting and
robust MPC design. This choice keeps the online plant equations compact
while making the neglected attitude-dependent contribution explicit at the
modeling level.

3.3 Numerical Safeguards and Runtime Diag-
nostics

The plant is designed to remain numerically stable across wide operating
envelopes and under aggressive inputs. Diagonal loading, explicit symmetriza-
tion, and quaternion fallback logic are numerical safeguards introduced to
prevent ill-conditioning and NaNs; they do not represent additional physical
effects.

Free-floating dynamics also provide conservation properties in ideal condi-
tions and diagnostic quantities that are used as runtime consistency checks.

In this thesis, these quantities are not monitored only for post-processing
purposes. They also act as acceptance indicators for the nonlinear plant,
especially when the same model must be simulated repeatedly and then reused
as the basis for local linearization and controller validation.

These diagnostics are not used as a substitute for formal proof, but
as model-validation consistency checks. In a thesis centered on a reduced
nonlinear plant and repeated controller calls, they provide an important
engineering safeguard against hidden errors in frame conventions, inertia
assembly, and quaternion propagation.

Since Hy and H,, are theoretically symmetric, the plant enforces

Hy+ Y(Hy+Hy),  Hp< 3(Hn+H)),  H « YH+H"), (3.14)

to prevent drift due to floating-point noise, especially before matrix factoriza-
tions and linear solves.

All occurrences of H; ' are implemented through linear solves with diagonal
loading;:

K = (Hy+ep D) Hym, g, = 10712 max<1,max|diag(H0)|>, (3.15)
and similarly the reduced acceleration is obtained as

0= (H +ep 1) (71— C*0), ey =10"" (3.16)
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The diagonal-loading levels are selected empirically to prevent ill-conditioning

and NaNs under aggressive inputs, while remaining negligible compared with

typical diagonal magnitudes of Hy and H* over the operating envelope.
The quaternion is propagated using the inertial angular rate fwy extracted

from i}:

qg=10('wo)q, Qp(w) = { (3.17)

Normalization is applied only when needed; if ||g|| becomes too small because
of a numerical failure, the plant falls back to the identity quaternion [1, 0,0, 0] "
in order to avoid NaNs.

Taken together, these safeguards are introduced to make the plant reli-
able under repeated closed-loop simulations, operating-point extraction, and
subsequent linearization steps. Their role is numerical rather than physical:
they reduce the probability of solver failure and non-finite signals without
altering the intended free-floating structure of the model.

Using the inertia partition (3.3), the kinetic energy is evaluated as

B = Yl T Hyil + &0 Hop0 + L 07 H,,.0. (3.18)

S o)

Since joint torques can inject or remove mechanical power, Ex is not
expected to remain constant in the actuated simulations; it is monitored to
detect numerical instabilities and modeling inconsistencies, such as frame
mismatches or integration artifacts.

The momentum vector (3.7) is computed as

h = Hoié + HOmé, Pr = his, Lovmo = has. (3.19)

In ideal free-floating operation (no external forces or torques), P; and Lowmo
remain constant. For the validation cases considered in this thesis, the zero-
momentum initialization implies that ||h(¢)|| is expected to remain close to
zero, up to numerical tolerances.

Let the total mass be

Miot, = Ms + NMYy + KMy, (3.20)

Under the adopted spatial inertia convention, the plant infers the skew matrix
[roc]x (the vector from CMO to the system CoM) directly from the spatial
inertia coupling:

1
[roc]x = ——— Ho(1:3,4:6), (3.21)
Mot
and then computes the angular momentum about the system CoM as
L[ = LCMO — [Toc]XP]. (322)

These signals are exported by the plant and are used as high-level consistency
checks.
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3.4 Attempted Full-Dynamics Prototype and
Observed Limitations

This section documents a full-dynamics verification branch explored during
the project and clarifies why it was not retained as the plant for the final
comparative campaign. Its purpose is methodological: to record the attempted
extension beyond the reduced free-floating formulation and to explain, based
on invariant-based consistency checks, why the reduced model was selected
as the reference plant for linearization, LPV predictor construction, and
closed-loop MPC validation.

Alongside the reduced plant adopted in this thesis, a full-dynamics pro-
totype was implemented as an internal verification environment. The goal
was twofold: first, to simulate the coupled spacecraft-manipulator system
without enforcing the zero-momentum velocity composition algebraically;
second, to assess the implementation through invariant-based tests in un-
forced conditions. The section summarizes the adopted formulation, the
main differences with the reduced plant, the observed invariant drift, and the
resulting model-selection choice.

The full prototype uses generalized coordinates including spacecraft trans-
lation, attitude, and joint motion:

a|. (3.23)

where ’p, € R3 is the spacecraft reference-point position in the inertial frame, q
is a scalar-first quaternion, and # € R™ are the joint angles. The corresponding
generalized velocity is

vE || € RO, (3.24)
0
with vy and fwy denoting the inertial-frame base linear and angular velocities

at CMO.
The kinematics close the state evolution:

"o = v, qg=10('wo)q, (3.25)

where §7(+) is defined as in (3.17).
The full rigid-body dynamics are written in manipulator-like form:

M(2) 0+ C(z,V) V = Tgen, (3.26)
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where M (z) € RO6+)>x(6+1) ig the generalized inertia matrix of the composite
system, C(z,v) € R6+*(E+n) collects velocity-dependent terms, and Tye, is
the generalized input. In free-floating mode, the base is unactuated:

Tgon = {06;1} : (3.27)

In this section, M (-) denotes the full generalized inertia matrix associated
with the coordinates (“pg, g, 6) and the velocity v. This should be distinguished
from the inertia blocks Hy, Hy,,, and H,, used in the reduced formulation to
build the momentum map and the Schur complement inertia.

A central verification condition for an Euler-Lagrange rigid-body imple-
mentation is the power-balance property. In the absence of potential energy
and external work, a consistent choice of C(-) satisfies

M(z, 2) — 2C(z,v) is skew-symmetric, (3.28)
which implies
d
(v M) = v . (3.29)

Hence, for 74, = 0, the kinetic energy should remain constant up to numer-
ical integration errors. In this section, this property is used as a practical
verification criterion for the internal full-model prototype.

By contrast, the reduced plant adopted throughout the thesis eliminates
the base twist algebraically through momentum conservation [1], [2]. Using
the partition introduced in Chapter 2 and in (3.3), the inertial momentum
mapping is ‘

h = Hy(q,0) it + Hon(q,0) 0. (3.30)
All controller validation scenarios considered in this thesis start from h(0) = 0,
so that the base twist is given by

#o = —Hy " (q,0) Hom(q,0) 6. (3.31)

Substituting (3.31) into the full dynamics yields the compact reduced model
governed by the Schur complement inertia

H*(q,0) = H.u(q,0) — Hy,(a,0) Hy ' (a,0) Hom(,0), (3.32)
with reduced second-order dynamics of the form
H*(q,0)0 + C*(q,0,0) 0 = 7 + dy(t). (3.33)

In this reduced setting, momentum consistency is enforced by construction
through (3.31), while quaternion propagation remains available for kinematic
consistency and diagnostics.

The main differences between the two formulations are the following:
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e State dimension and integration. The full prototype integrates space-
craft translation, attitude, and base twist through (3.26)—(3.25). The
reduced plant integrates only (q, 0, 0) and reconstructs the base twist alge-
braically.

e Momentum treatment. In the reduced plant with A(0) = 0, momentum
conservation is embedded in the velocity composition. In the full prototype,
it must emerge from a fully consistent assembly of kinematics, inertia, and
velocity-dependent terms.

e Control-oriented suitability. The reduced formulation directly matches
the controller state and supports repeated linearization and LPV scheduling
with a compact joint-space model. The full formulation requires a larger
and more delicate multibody assembly.

The full-dynamics prototype was evaluated through standard unforced
tests. With 74, = 0 and no external wrenches, the following quantities should
remain constant, up to numerical tolerance:

e Total linear and angular momentum of the composite system, expressed
in {I}.

e Kinetic energy Ex = v M(z)v.

e Power-balance residual v (M — 20)1/, which should remain close to
zero when (3.28) is satisfied.

These checks are more informative than a purely qualitative trajectory
inspection, because hidden inconsistencies in frame conventions or velocity-
dependent terms can remain visually unnoticed while still violating momentum
or energy conservation.

The drift was assessed by monitoring ||h(t) — h(0)||, the relative kinetic-
energy error

|Ex(t) — Ex(0)]

max(1, Ex(0)) ’
and the power-balance residual over the simulation horizon. In the imple-
mented prototype, these quantities did not remain close to their expected
constant values in unforced simulations. Both momentum and kinetic energy
exhibited a noticeable drift, and the power-balance residual was not consis-
tently near zero. As a consequence, the trajectories obtained with the full
prototype did not remain consistent with those produced by the reduced plant
under the same initial conditions.

For the purposes of this thesis, this evidence is sufficient to conclude that
the implemented full prototype did not yet provide the internal consistency
required for a reliable simulation-to-linearization workflow. The issue is
therefore methodological rather than conceptual: the full model is physically
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meaningful in principle, but its adopted implementation state did not satisfy
the invariant-based verification criteria used in this work.

The most likely source of the observed behavior is an incomplete consis-
tency between attitude kinematics, frame-dependent inertia variations, and
the construction of the velocity-dependent terms. In a quaternion-based
multibody implementation, the dependence of M on orientation implies that
M contains contributions induced by ¢ = +Q(w)g. If these terms are not
represented consistently in C(-), or in an equivalent correction preserving
(3.28), spurious energy or momentum drift can appear even in unforced con-
ditions. Additional numerical effects, such as quaternion renormalization and
integration-step choices, can further perturb the invariant behavior, but they
do not change the main conclusion drawn here.

Given the observed invariant drift and the resulting mismatch with respect
to the reduced model, the full-dynamics prototype was not used in the final
simulation campaign. The reduced free-floating formulation was retained
because it is:

e control-oriented, since the controller state is naturally (0, 49) while base
motion is represented through momentum composition and quaternion
propagation;

e numerically robust, since momentum-based velocity composition and
Schur complement reduction lead to well-structured computations that can
be stabilized locally;

e aligned with the adopted scenarios, since all retained case studies start
from h(0) = 0 and therefore match the intended operating envelope of the
reduced formulation;

e suited to the workflow of the thesis, since it provides a reliable basis
for repeated linearization, LPV scheduling, and comparative closed-loop
MPC assessment.

The full-dynamics branch remains useful as a future extension and as an
independent verification path. However, extending the benchmark in that
direction requires a fully consistent multibody implementation preserving the
power-balance condition,

M — 2C' skew-symmetric,

or, equivalently, a formulation whose invariant properties are guaranteed by
construction. Within the scope of this thesis, the reduced free-floating plant
was therefore retained not only because it is lighter computationally, but
because it is the formulation that remained sufficiently consistent for repeated
linearization, controller integration, and closed-loop interpretation under the
adopted validation workflow.
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3.5 Plant Structure and Equation Traceability

The block-level organization of the nonlinear plant is shown in Figure 3.1. The
figure is intended as a traceability map showing how the main mathematical
steps are organized inside the plant used throughout the thesis.

Figure 3.1: Structure of the reduced nonlinear plant used in the simulation
campaign. The main blocks correspond to inertia construction, quaternion
propagation and normalization, Coriolis/centrifugal terms, joint-acceleration
computation, and momentum-based velocity composition. This organization
provides a direct link between the nonlinear equations developed in this
chapter and the plant used later for simulation, linearization, and controller
validation.

For traceability and validation, each plant block corresponds to a well-

defined mathematical step:

the inertia-construction block assembles H in (3.3) from the parameter
vector 7 in (3.5), then enforces symmetry as in (3.14);

the reduced Coriolis/centrifugal block extracts (Hgy, Hom, Hy,), computes K
and H* using (3.8)—(3.9) with loading (3.15), builds 0H*/d0}, using (3.11),
and evaluates C*0 using (3.12)(3.13);

the velocity-composition block computes the base twist from the zero-
momentum relation (3.8);

the joint-acceleration block solves the reduced dynamics (3.10) for 0 using
(3.16);

the quaternion-propagation and normalization blocks implement (3.17)
together with the associated safeguards;

the diagnostics block computes the invariants (3.18)—(3.22) used for consis-
tency checks.

The parameter vector 7 follows the same fixed ordering used by the

exported symbolic routines and by the plant implementation.
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This explicit equation-to-plant traceability makes it easier to validate the
model numerically, isolate modeling errors, and keep the linearization and
LPV pipeline developed in the next chapter consistent with the nonlinear
simulation model. It also ensures that the quantities linearized later are
generated by a plant whose numerical structure remains directly connected
to the governing equations stated here.

29



Chapter 4

Linearization and LPV Prediction
Model Construction

This chapter presents the linearization and discretization pipeline used to
build the prediction models for MPC. The starting point is the reduced
free-floating nonlinear model derived in Chapter 3, where the spacecraft base
is eliminated through momentum-based reduction and the controller state is

=07 67T

The prediction model is built under the same assumptions adopted for
the reduced plant, namely free-floating operation and negligible external
wrenches over the maneuver window. The quaternion is propagated only in
the nonlinear simulation model and is not part of the MPC state. During
predictor construction, the quaternion entering the inertia packing is frozen
to the normalized initial attitude qp; the resulting residual attitude-dependent
error is later treated as part of the bounded modeling mismatch in the robust
design (Chapter 5).

In the adopted numerical workflow, the continuous-time linearization
is generated by a dedicated routine, the discrete-time pages are assembled
offline, and the scheduling simplices are generated through an offline region-
construction step. Online barycentric scheduling is then handled within the
LPV controller structure.

From a control-design viewpoint, this is a standard LPV compromise:
the nonlinear dynamics are embedded into a measurable scheduled family of
linear models, so that constraint handling remains compatible with QP-based
MPC while the dominant operating-point dependence is retained [13].

The LPV model developed in this chapter should be interpreted as a local
control-oriented surrogate of the reduced nonlinear plant rather than as an
exact global embedding. Its purpose is to retain the dominant dependence on

30



configuration and joint rates while preserving a predictor structure compatible
with repeated QP-based MPC. The resulting approximation is therefore
meaningful only inside the selected operating region and under monitored
interpolation activity.

4.1 Why an LPV Surrogate: LTI vs LTV vs
LPV

A single LTI model obtained at one operating point is accurate only in a

local neighborhood and is therefore mainly suited to regulation around that

point. An LTV description is more appropriate when the relevant variations

follow a known time profile. In the present problem, however, the dominant

variations are driven by the manipulator configuration and rates, which are

directly measurable online. For this reason, an LPV predictor is adopted.
The scheduling vector is chosen as

5= [Z} € R", ng = 2n,
which is directly available online from the controller state.

To keep the online complexity low, the global operating set is described
through a corner-page polytope defined by the box corners in s, while online
interpolation is performed over simplices so that at most n, + 1 pages are
mixed at any sampling instant.

In this thesis, the LPV predictor is used as a structured compromise
between model fidelity and online tractability. The operating region is de-
scribed by a bounded scheduling box, this box is triangulated offline, and
only the pages associated with the active simplex are mixed online. As a
result, the online predictor assembly remains lightweight and compatible with
the repeated QP solution required by the considered MPC setup.

In this benchmark, LPV is preferred over a purely single-page LTT approx-
imation because the operating region includes non-negligible configuration
dependence, while it is preferred over a generic online LTV relinearization
strategy because the predictor must remain compatible with repeated QP so-
lution inside a lightweight MATLAB/Simulink workflow. The adopted choice
should therefore be interpreted as a control-oriented compromise between
predictor fidelity and online tractability [13], [14].
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4.2 Continuous-Time Linearization and Discretiza-
tion

Let v = [0 QT]T and u = 7. Using the reduced model of Chapter 3, the joint
acceleration is written as

6 = H*(qo,0)" <T — C*(qo, 0, 6) 9’), (4.1)

where H* is the Schur-complement inertia and C*6 is the reduced Cori-
olis/centrifugal generalized force. The corresponding first-order state model
is

0
T = f(l’,u) = [H*(q(],Q)_l (T—O*(q()?e’ 0)9)] . (42)
Linearization of (4.2) about a point (x;,u;) yields
. 0 I
At = A.(z;) Az + B, Au, A= [ ] . (4.3)
Anr A

In the adopted linearization routine, the input Jacobian is kept constant
across all pages and is computed at the controller operating point:

A On><n
B. = |:H*(q0700p)_1:| . (4.4)

In practice, B, is computed once at the operating point (6, éop, Top), With
Top typically set to zero, and at the current payload estimate used to initialize
the model parameters. The resulting By = T B, is then replicated across all
pages.

This is the LPV-in-A approximation adopted to reduce online assembly
cost. Any residual dependence of B on configuration and payload parameters
is later treated as bounded mismatch in the robust formulation (Chapter 5).

This choice should be interpreted as an engineering approximation around
the controller operating point, not as a structural property of the reduced
dynamics. It is adopted to keep the online predictor compact and to avoid
page-dependent input matrices in the repeated MPC assembly.

The implementation exploits the structure induced by the Christoffel-
based construction of C*. In the reduced model, C’*(@,é) is linear in 0,
hence C*(6, 9)0 is quadratic in 6. The adopted routine assembles a matrix
Cmat (05, Hj) such that

C*(6;,05)0; = Cumar(0;,6,) 05 (4.5)
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With Christoffel symbols satisfying C;jr = Cix;, the derivative of the quadratic
term with respect to 6 yields a factor 2, and the implementation uses the
closed-form block

0

Azz(xj):-E(H*w)—lc*(e,é)é) = 2 H*(0,)" ot (0;,6;).  (4.6)

Zj

The factor 2 follows from the quadratic dependence on 0. With the
definition C*(6,0)0 = Cpat(0,0)0 and Cye linear in 6, the derivative satisfies

0 y .
4 (Conat (6, 0)8) = 2 Cinat (6, 6).

The block Ay (x;) = 96/00 would require higher-order derivatives if com-
puted in closed form. To avoid this cost and to improve numerical robustness,
the implementation evaluates As; using a complex-step perturbation on 6
applied directly to the acceleration map (4.1):

S {06 + iher, 05, 75) |
- ,

Ao (1, k) = h < 1. (4.7)
This avoids the subtractive cancellation typical of finite differences and, in
practice, provides very accurate directional derivatives when the acceleration
map is evaluated in a complex-safe form.

From this point onward, the dependence on the frozen attitude ¢q is kept
implicit in H*(-) and in the reduced terms to simplify notation; all pages
are generated with the same fixed quaternion ¢, as stated in the chapter
assumptions.

The approximation in (4.7) requires the implemented acceleration map
to be complex-safe with respect to the perturbed joint coordinates. In the
present implementation, this condition is enforced by evaluating the reduced
acceleration through algebraic operations and linear solves, while avoiding
branch-sensitive operations on the complex-perturbed states.

For each linearization point, the continuous-time linearization routine also
returns the drift f(z;,u;), namely the vector field evaluated at the anchor
point:

0;
f(l‘j, uj) = [H*(Qj)l (Tj _ C*(Qj, 0])0j>] ) (4'8)

which is later used to construct a discrete-time affine correction that removes
one-step offsets at the linearization point.
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With sampling time 75, each continuous-time Jacobian page is discretized
using Forward Euler:

Ad,j = ]2” + TSAC(‘rj)v Bd - TsBc- (49)

Forward Euler preserves the piecewise-affine dependence of A inside each
simplex and keeps the discrete-time assembly cost low. This choice is con-
sistent with the small sampling times used in the simulation campaign and
with the goal of fast online QP solution. Higher-order discretization schemes
are possible, but Forward Euler was selected here to preserve the intended
piecewise-affine structure of the scheduled predictor while keeping both page
construction and online assembly simple.

Among the available discretization options for nonlinear-model-based
MPC, this choice is justified here by the small sampling time, the need to
preserve a cheap affine page construction, and the priority given to online
efficiency over high-order per-step integration accuracy [14].

The resulting discrete-time pages are therefore chosen for structural sim-
plicity rather than for maximal per-step accuracy. The discretization residual
is not ignored; it is one of the components later absorbed into the bounded
prediction-mismatch description used by the robust controller.

A practical issue in linearization-based prediction is the appearance of
offsets when the linear model is used in absolute coordinates. To enforce local
consistency at each linearization point, the discrete-time page-construction
routine builds a discrete affine term fg; so that the discrete predictor matches
the Forward Euler propagation of the nonlinear reduced dynamics at the
anchor point.

Let z; = [0] HJT]T and u; be the linearization point. Define the Euler-
propagated next state using the nonlinear drift:

) £ x;+ T, fzj,uy). (4.10)
Then the affine term is computed as
fa; = m;“ — Agjx; — Bauy, (4.11)
and the discrete-time page predictor is
Tp1 = Ag 2k + Baug + faj- (4.12)

With (4.11), the one-step prediction is exact at (x;,u;), which helps reduce
systematic offsets in tracking tasks.
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4.3 Prediction Mismatch and Corner-Page Struc-
ture

The LPV predictor is affected by several structured approximation errors: (i)
Forward Euler truncation, (ii) freezing the quaternion to qo, (iii) the LPV-in-A
approximation with constant By, (iv) loss of affinity when barycentric weights
are clipped and renormalized outside the active simplex, and (v) gridded
payload interpolation effects when (1, k) are bracketed between offline grid
points, including implicit clamping at the grid boundaries.

These effects are treated as bounded prediction mismatch in the robust
MPC design and are monitored in the simulation campaign through one-step
residual checks, simplex-coverage statistics, and closed-loop indicators such
as tightening activity and slack usage.

The predictor is not intended to reproduce the nonlinear plant exactly
over the full operating region. It is a structured approximation designed for
constrained MPC under monitored and bounded mismatch. In the adopted
workflow, what matters is that the approximation error remains structured,
bounded in the intended operating region, and sufficiently visible through the
logged scheduling and residual indicators.

For clarity, the predictor used in the MPC chapters combines four delib-
erate approximations: local linearization of the reduced dynamics, Forward
Euler discretization, freezing of the quaternion to ¢y during page generation,
and replication of a constant B, across pages.

The LPV operating region is defined as a hyper-rectangle in s = [0, 9] A
set of corner pages is built at the 2™ box corners:

Veorn = {sW, ..., s}, s € R, (4.13)

Each corner s is mapped to (6}, (9]) and linearized through the continuous-
time routine, producing (Ag;, fa;). The matrices C' and D are kept vertex-
invariant, consistent with the controller formulation, and By is shared by all
pages as in (4.4)-(4.9).

Keeping B, constant across pages reduces memory usage and avoids recom-
puting input-dependent condensed matrices online. This is an approximation
because H*(0)~! varies with configuration and, in post-capture scenarios, with
payload mass estimates. In nominal controllers, this mismatch is accepted as
a modeling error. In the robust tube-based controller, the induced term AB u
is conservatively bounded offline around 6,, and absorbed into the additive
disturbance set (Chapter 5).

In practice, this bound is obtained offline by evaluating the variation
of H*(6)™! over the scheduling box, combining the induced input-channel
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deviation with the known input constraint set v € U, and storing the result-
ing contribution as part of the additive disturbance budget used for tube
tightening. This preserves the fixed- By predictor structure adopted online
while accounting conservatively for the neglected page dependence of the
input channel.

This yields a conservative contribution to the disturbance budget used for
tube tightening while preserving the fixed-B; predictor structure adopted for
online MPC.

When payload effects are enabled, the page-construction routine builds
multiple blocks of corner pages corresponding to different payload masses m,,
and coupling factors k. The total number of discrete-time pages is therefore

n
Ny = Ny, 1 27,

where n,,, and n, are the grid sizes used for payload-mass and coupling-factor
blocks. In the adopted ordering, the corner index runs fastest, followed by
the coupling-factor block and then by the payload-mass block.

To keep page 1 coherent with the current parameter estimates, the payload
grids are reordered so that the first (m,, k) block matches the current m,
and A used to initialize the controller. This layout is exploited online to map
local simplex weights into the correct page subset and to perform inexpensive
interpolation across payload-mass blocks when enabled.

4.4 Simplex-Based Scheduling and Online Weight
Computation

The scheduling box is partitioned into simplices using a Kuhn triangulation.
The offline region-generation routine returns:

e the corner set Vo € R%*2™  stored column-wise;

e alist of simplices {V,} 2, each V, € R"*("=*+1 with vertices chosen among
the box corners;

e a simplex-to-corner index map that links each simplex vertex to the corre-
sponding column of Vig,.

By default, the number of regions is
R = factorial(ny),

corresponding to the full Kuhn triangulation. For n = 2 and therefore n, = 4,
this yields R = 24 simplices, each mixing exactly ns + 1 = 5 corner pages.
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The full Kuhn triangulation scales poorly with n,. In this thesis, however,
the planar benchmark keeps n, = 4, so that the number of simplices remains
small and scheduling remains inexpensive.

Given the current scheduling point z = s(xy) € R, the LPV scheduler
selects the simplex that best contains z by maximizing the minimum raw

barycentric weight. For each simplex V. = [vy, ..., v, 41|, the raw weights are
computed by solving the affine system
{1 o1 :|wrawz|i1:|' (4.14)
U1 e Uns—i-l z

The selected region is

r* = arg max mjn(w(T) ). (4.15)

raw,s

Before simplex selection, the scheduling point is projected inside the
predefined hyper-rectangle to avoid unstable region switching. In addition,
a simple hysteresis/dwell logic is used: the current simplex is retained if
its minimum raw weight remains within a small tolerance, and switching is
allowed only if an alternative simplex provides a clearly better score and a
minimum dwell time has elapsed.

These protection mechanisms are implementation-level safeguards rather
than part of an ideal LPV interpolation law. Their role is to avoid numerically
fragile simplex switching and harmful extrapolation near the scheduling-box
boundaries, at the price of a predictor that is only piecewise affine under
nominal coverage and no longer globally affine once clipping becomes active.

To avoid extrapolation outside the bounded convex hull used for MPC,
the selected weights are then projected by non-negativity clipping and renor-
malization: w

W $— max(Wyayw, 0), W (4.16)
Inside a simplex, that is, when no clipping is required, w(z) is affine in z;
with clipping, the map remains bounded but is no longer globally affine. The
frequency of clipping is therefore used as a practical indicator of model-set
coverage in the validation tests.

When multiple payload blocks are available, the online scheduler interpo-
lates across payload mass m,, and coupling factor x using a bracketing strategy
on each axis. Let (m, 1, m,y) be the mass bracket and define 5 € [0, 1] as
the normalized position of m, inside that bracket. Similarly, let (kr, ky) be
the coupling bracket and define n € [0, 1] as the normalized position of &.

The final page-weight vector is assembled by distributing the corner-weight
vector to at most four neighboring blocks through bilinear interpolation:

wLL - (1 - B)(l - n)wcorna wUL = /8(1 - 77)U)Corn7
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wLU = (1 - 6)77wc0rn7 wUU = 677 Weorn-

If only one grid point is used along one axis, the interpolation reduces to the
corresponding one-dimensional bracketing case without increasing the number
of mixed pages beyond the simplex mixture.

4.5 Output Model, Bias Handling, and Consis-
tency Checks

Two output definitions are supported:

o state-output mode: y =z = [07 §T]T, so C' = I and the output is directly
constrained by the state bounds;

o end-effector-output mode: Yphys = [Tee, Yee, Uz, vy] ", approximated locally
around the operating point by

b
Yphys = Cot + M ) (4.17)

where b € R? is the position bias.

Accordingly, the end-effector-output mode used inside the controller is
a local affine surrogate of the physical end-effector map. It is suitable for
constraint handling and tracking around the selected operating point, but it
should not be interpreted as a globally exact output description over the full
workspace.

The adopted workflow includes sanity checks directly tied to the predictor
construction:

e One-step residual check: verify that (4.12) reproduces the Euler step at
linearization points due to the definition (4.11);

e Simplex coverage statistics: monitor how often the raw weights in (4.14)
fall outside the simplex and how frequently the projection (4.16) is used;

e Conditioning: track the conditioning of the barycentric system in (4.14)
and the numerical robustness of the Schur-based computations in the
linearization routine.

If projection and clipping are frequent, the scheduling box should be re-
centered and/or resized so that typical closed-loop trajectories remain inside
the triangulated region. This reduces loss of affinity, improves interpolation
fidelity, and generally decreases bias and offset in tracking scenarios.

If these checks indicate frequent projection, poor simplex conditioning, or
persistent one-step residuals outside the expected range, the predictor should
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be regarded as operating close to the edge of its intended validity region. In
that case, the scheduling box, the operating point, or the payload grid should
be revised before drawing strong conclusions from the closed-loop comparison.

The final discrete-time LPV predictor used by the controller has the form

Try1 = Aa(Ok, Ok) 21 + Baug + fa(Or, Op), (4.18)

where Ay and f; are obtained by convex mixing of precomputed corner pages
using simplex-based barycentric weights, and By is kept constant to preserve
online efficiency. This model is the basis for the nominal LPV-MPC and for
the robust tube-based MPC developed in the subsequent chapter.
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Chapter 5
MPC Design

This chapter presents the three model predictive control formulations adopted
in the thesis for the reduced free-floating spacecraft—-manipulator benchmark.
The three controllers share the same basic predictive structure, state and input
constraints, and cost-design rationale, while differing in predictor construction,
robustness logic, and, in the robust case, target-anchoring semantics.

The first formulation is a nominal MPC based on a single affine linear
predictor. The second replaces the single predictor with an LPV scheduled
model built from local linearization pages. The third adds a tube-based
robust layer around the scheduled center model in order to handle bounded
prediction mismatch and payload-related uncertainty. The presentation below
focuses on the control problems themselves rather than on software structure.

5.1 Common Formulation

The prediction state is the reduced joint-space vector

= [Z] € R*™, u=TeR" (5.1)

For all controllers, the online predictor has the affine discrete-time form
Try1 = Agxy + Brug + [, (5.2)

where the matrices depend on the selected formulation. In the single-model
controller they are constant, in the LPV controller they are scheduled online,
and in the robust controller they define the tube-center dynamics.

State and input constraints are enforced through the polyhedral set

Z 2 {(z,u) | Fr+Gu <1, For + Gou < 0}, (5.3)
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where the first block collects normalized inequalities and the second block
collects zero-right-hand-side faces, which remain hard. This representation is
used consistently across the three controllers.

When end-effector constraints are enabled, an additional output map is
considered,

In the nominal formulations, these output inequalities are enforced directly.
In the robust formulation, whenever a normalized output representation is
available, the corresponding faces are included in the tightened inequality
stack.

To unify regulation and tracking under constraints, the controllers optimize
artificial references [17], [18]. In setpoint mode, the optimizer searches for an
admissible artificial steady pair (z,, u,) satisfying

Ty = Akxa + Bkua + fk‘ (55)

In trajectory mode, the same logic is applied to an admissible artificial
trajectory {Zak, Uak},

Ta 1 = ArZak + Brtak + fi- (5.6)

The role of the artificial target is to preserve feasibility when the requested
reference cannot be matched exactly under the imposed constraints.
The artificial target is restricted to a target-admissible set

Ziar = {(z,u) | Fx + Gu < 01, Fyz + Gou < 0}, o€ (0,1). (5.7)

This set is used only for artificial targets and terminal ingredients. It should
not be confused with the tightened constraints introduced later for the robust
tube-based formulation.

For the terminal ingredients it is convenient to introduce error coordinates,

Tp & Tp — Tak, g 2 Up — Ugp- (5.8)
The terminal condition is imposed in these coordinates through a terminal set
Xy C{i|2"Pz <oy}, (5.9)

and appears in the online problem as

IN — Tg N EXf. (510)
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A compact common form of the tracking problem is therefore

N-1
min Z (g, Uk, Ta o, Uae) + Vi(@n, Tan) + 0(7, {Za i })

k=0
st. Tpy1 = Agxr + Brug + fr,

(Tk, up) € Z, (5.11)

(xzz,hua,k) S Ztara
Za k1 = AxTa i + Brtar + fr,
IN — Tq,N € Xfa

T given.

The three formulations presented below can all be interpreted as particular
realizations of (5.11).

Remark on slack variables. The framework also supports slack-based
relaxation of selected normalized inequalities in specific simulation settings.
Since this mechanism is auxiliary and case-dependent, it is not treated here
as a defining design ingredient of the controllers.

5.2 Nominal MPC with a Single Predictor

The first controller uses one affine linear predictor only. This corresponds to
a fixed local model, discretized once and then reused over the full horizon.
The center dynamics are

Tpp1 = A1z + Biug + faq, (5.12)

where f;, is the affine correction associated with the chosen operating point.
The affine term is kept explicitly because it removes the one-step offset that
would otherwise appear if the predictor were written as a purely homogeneous
model around a nonzero anchor.

In setpoint mode, the artificial target is a steady pair (x,, u,) satisfying

Lg = A1$a + Blua + fd,ly (xaa ua) € Ztar' (513)

In trajectory mode, the same structure is extended to an admissible artificial
trajectory generated by the same predictor. In both cases, the requested
reference is handled through an offset penalty on the artificial output rather
than through hard equalities, so that feasibility is preserved even when the
requested target is not exactly reachable.
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The resulting finite-horizon problem is

=2

min (k= zasllg + e — varlz) + llon — zanlp + ormi(r, {zar})
{ajk7uk}1 {xa,kvua,k} 0

sit. wpp1 = Avxg + Biug + faa,
(xg,ug) € 2,
(Taky Uak) € Ziary
Tajgr1 = ATap + Bigr + fa1,

IN — Tq,N S Xf7

=
Il

Ty given.
(5.14)
In setpoint mode, the artificial trajectory reduces to a constant pair and
the offset term penalizes the mismatch between the artificial output and the
requested constant reference. In trajectory mode, the same term penalizes
the stage-wise mismatch with the preview sequence.

This controller acts as the nominal baseline of the thesis. Its main advan-
tage is simplicity: the online problem remains fully quadratic, numerically
regular, and easy to interpret. Its main limitation is that prediction accuracy
can degrade when the closed-loop motion moves away from the operating
region in which the single page was generated.

5.3 Nominal MPC with an LPV Predictor

The second controller keeps the same optimization structure, but updates the
predictor online through an LPV interpolation over precomputed local pages.
The goal is to retain the dominant configuration dependence of the reduced
nonlinear model while preserving a QP-based online problem.

The scheduled predictor is written as

Ny Ny
Ay = Z%(%)Ai, By, = B, fr = Zai(zk)fia (5.15)
=1 =1

where 2, =[] 6] is the scheduling point and ay(-) are barycentric weights
associated with the active simplex. The input matrix is kept constant across
pages in the current implementation in order to keep the online structure
simpler and more regular. The mismatch induced by this approximation is
later absorbed into the disturbance description used by the robust formulation.
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When an LPV end-effector output model is enabled, the output map is
updated consistently as

Cr=>_af(z)C;. (5.16)

The artificial reference is defined with respect to the scheduled center model,
Lo k+1 = Akwa,k + Bkua,k + fk7 (xa,ka ua,k) € Ztar- (517)

This keeps the optimization problem quadratic and avoids introducing addi-
tional decision variables for the scheduling law itself.
The corresponding optimization problem is

N-—1
{zkuk} {Ta kb tak } Z (ka - xa7kH2Q + Huk - ua,k”%) + H‘TN B IG’NH?D + OLPV(T’ {Ia’k})
b b a, b a, k‘:O
st. xpe1 = Az + Brug + fr,
(ack,uk) € Z,

(xa,kaua,k) S Ztar7

Taj+1 = AxTar + Bruar + fr,

LPV
IN — 'Ta,N S Xf )

To given.
(5.18)

The LPV controller should therefore be interpreted as a receding-horizon
tracker of a locally scheduled center model. It improves the local representa-
tiveness of the predictor with respect to the single-model case, but its quality
still depends on the operating-region coverage achieved by the offline page
set.

A practical point deserves explicit mention because it is important for
the later interpretation of the results. The scheduling weights are computed
through simplex-based barycentric coordinates. If the scheduling point leaves
the selected simplex, the raw weights are clipped and renormalized before
entering the predictor. This avoids harmful extrapolation outside the convex
hull used for control design. In the simulation campaign, the frequency of
clipping is therefore monitored as a diagnostic of local-model coverage rather
than being treated as a negligible numerical detail.

5.4 Tube-Based Robust MPC

The third controller augments the scheduled center model with an explicit
robust tube. Conceptually, the optimizer predicts a nominal center trajectory
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and simultaneously enforces a bound on the deviation between that center
trajectory and the true plant state under bounded mismatch. Robustness is
therefore achieved by combining an ancillary stabilizing feedback, a tube-size
recursion, and tightened constraints.
The center dynamics are the same scheduled affine predictor used by the
LPV controller,
Tpy1 = Az + Brug + fr, (519)

but the applied input is parameterized as
Up = Ugk + K(l‘k — xa,k) + ¢k, (520)

where K is an ancillary feedback gain and ¢ is an optimized correction term.
The role of K is to stabilize the error dynamics inside the tube, while ¢
preserves enough freedom for the optimizer to move the tube center without
relying only on the ancillary action.

The disturbance set WV is introduced to cover the dominant prediction
mismatches of the benchmark. In this thesis it collects, in a control-oriented
way, the residual effects of model reduction, local linearization, discretization,
scheduled predictor approximation, and, when relevant, payload-related un-
certainty. The disturbance budget is therefore not an abstract robustness
placeholder, but an engineering description of the mismatch that the controller
is designed to absorb.

If e, denotes the deviation between the true plant state and the predicted
center trajectory, the tube design is based on the conservative error model

€k+1 = (Al + BZK)Bk + wg, wWg € W, (521)

evaluated on the vertices used in the robust design. The tube is represented
through a scalable polyhedral family

Elar) & {e | Vie<an}, >0, (5.22)
and its size is propagated through the recursion
gy > Hpaxoy + 0, o = 0. (5.23)

The quantities entering this recursion are precomputed consistently with the
chosen tube shape, ancillary gain, and disturbance budget.

The nominal inequalities are then tightened so that all trajectories inside
the tube satisfy the original constraints. In compact form, the tightened

condition reads
Tk,

Uk
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where Hj collects the normalized inequalities active at the current stage and
T, maps the tube size into a worst-case tightening margin. Zero-right-hand-
side faces remain hard.

The robust online problem is therefore

N—-1
min > (e = zaklly + luk — uarllf; + llenll?.) + lon — zan|?
{zk ukcr,ou b {Ta, b ta, K} P

st. xpye = Agxr + Brug + fr,
g = Ugp + K(x — Top) + i,
H, {
Opy1 Z Hmaxak: + 71),

(xa,lm ua,k’) € Ztara

Toj+1 = AxTar + BrUar + fr,

Lk
<1-T,,«
Uk:|_ zutk,

IN — TgN € X fs
T given.
(5.25)
A point that is important for the interpretation of the comparative results
must be stated explicitly. In this benchmark, the robust controller uses stricter
target anchoring than the nominal formulations. In particular, when tracking
is enabled, the artificial target is constrained more directly to the requested
output, whereas the nominal controllers allow a deviation from the requested
reference through an offset penalty. As a consequence, any observed reduction
in feasibility margin cannot be attributed to tube tightening alone; it must
be read as the combined effect of robustness and stricter target semantics.
Within the scope of this thesis, the robust controller is therefore interpreted
as a practical tube-based MPC formulation tailored to the reduced free-
floating benchmark. Its purpose is to make the robust ingredients explicit and
operational in the simulation campaign: the mismatch budget is stated, the
tube-size propagation is part of the online problem, and the effect of tightening
is visible in the reported diagnostics. The formulation is theory-consistent,
but it is not introduced here as a claim of the most general recursive-feasibility
result available in the robust tracking MPC literature [15], [16].

5.5 Controller Interface and Practical Remarks

The three controllers share the same online interface and are called through a
common controller architecture. The interface receives the current measured
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state, the case-dependent reference, and the model data generated in the
initialization workflow, and then calls the corresponding controller formulation.

The single-model controller uses one predictor page only. The LPV and
robust formulations use the scheduling structures generated over the bounded
operating region and update the active simplex and barycentric weights online.
The robust controller additionally updates the tightened inequality margins
and the tube-size variables according to the current disturbance description
and case configuration.

The numerical values of the weights, horizons, payload parameters, robust-
ness margins, and scenario-dependent settings are intentionally not detailed
here, because they belong to the simulation setup rather than to the formu-
lation itself. Those elements are described in Chapter 6 together with the
validation workflow and the performance metrics used in the comparative
campaign.

Taken together, the three formulations provide a common comparison
framework for the thesis: the same reduced benchmark, the same constrained
tracking structure, and three different levels of model fidelity and robustness,
namely a single linear predictor, an LPV scheduled predictor, and a tube-based
robust extension of the scheduled formulation.
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Chapter 6

Simulation Setup and Metrics

This chapter describes the simulation framework used to evaluate the con-
trollers introduced in Chapter 5. Its purpose is to define the closed-loop
architecture, the case-dependent setup, and the performance indicators used
throughout the comparative campaign. The corresponding results are dis-
cussed in Chapter 7.

The simulations must be interpreted consistently with the assumptions
introduced in Chapters 2-5. In particular, the controller operates on the
reduced joint-space model, the spacecraft attitude is propagated only in
the nonlinear plant, the LPV predictor is scheduled within a bounded local
region, and the robust formulation combines tube tightening with stricter
target semantics than the nominal ones. As a result, the reported closed-
loop behavior reflects the combined effect of prediction locality, mismatch
assumptions, and constraint handling.

6.1 Closed-Loop Simulation Architecture

The closed-loop simulations are executed in MATLAB/Simulink using a
nonlinear reduced plant and a controller block. The plant propagates the
reduced joint coordinates and rates through the free-floating reduced dynamics,
while the spacecraft attitude quaternion is integrated separately from the
reconstructed base angular velocity obtained through momentum composition.
At each sampling instant, the controller receives the measured reduced state,
the active reference, and the scenario-dependent model parameters, solves the
corresponding QP, and applies the commanded joint torque to the nonlinear
plant.

All controller variants are evaluated through the same interface. The
differences between them are limited to prediction-model construction and,
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for the robust formulation, to the additional tightening and ancillary-feedback
logic. The optimization problems are formulated in YALMIP and solved
with OSQP, with warm-start based on the receding-horizon shift of the
previous solution. This common structure is important for fairness, because
the controllers share the same plant, the same simulation environment, and
the same initialization logic.

The overall closed-loop organization is shown in Figure 6.1. The scheme
highlights the separation between the reference interface, the controller block,
the nonlinear plant, and the output-error path used for KPI extraction.

t

E

Figure 6.1: Closed-loop MATLAB/Simulink architecture used in the compar-
ative campaign. The reference block provides the current sample and preview
information, the controller block solves the selected optimization problem
and outputs the commanded torque, and the nonlinear plant propagates the
reduced free-floating dynamics. The output error e is computed from the
reference and the measured controlled output and is used for monitoring and
KPI extraction.

The reference block is treated as a separate interface layer between offline
reference generation and the online controller call. This allows the same
closed-loop structure to support both constant setpoints and preview-based
trajectory references. In state-regulation mode, the controller receives either
a constant setpoint or its repeated preview stack. In end-effector mode, the
same interface provides the local output reference together with the affine
shift terms required by the output model introduced in Chapter 4. This choice
keeps the controller core independent of case-specific reference-generation
logic and makes the reference semantics explicit at the simulation level.

All simulations log the signals needed to recompute the reported metrics
offline, including tracking errors, state/input/output constraint indicators, QP
solve times, and selected scheduler- or tube-related diagnostics. These signals
are then post-processed into KPI summaries and representative figures. Raw
time histories are preserved for traceability and figure generation, whereas
the comparative discussion in Chapter 7 relies mainly on aggregated KPIs
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and a limited number of representative plots. This keeps the results chapter
focused while preserving the information needed for technical interpretation.

6.2 Simulation Cases and Setup

The simulation setup is generated from a common initialization procedure that
builds the parameter structure shared by plant and controller. This structure
contains geometry, inertial data, operating-point information, prediction-
model settings, controller settings, constraint definitions, and case-dependent
overrides. Plant-side quantities include the nonlinear reduced model, payload-
dependent inertial quantities, quaternion propagation options, and diagnostic
signals. Controller-side quantities include the reduced state definition, horizon
length, weights, output mode, LPV region data, tightening data, and solver
settings. Constraint definitions are kept consistent across nominal and robust
formulations.

This common initialization flow is important because the comparative
campaign reuses the same benchmark structure across all cases. The observed
differences should therefore originate from the scenario definition and controller
formulation rather than from parameter inconsistencies.

The campaign is organized into four case studies with different purposes.
Case 1 is a nominal state-regulation benchmark used to verify local closed-
loop consistency across multiple initial conditions. Case 2 is a pre-capture
tracking scenario in end-effector mode and is used to assess trajectory-following
behavior under a local affine output map. Case 3 collects post-capture
regulation scenarios with payload mismatch and is divided into a fixed-
mismatch subgroup and a payload-estimate-update subgroup. Case 4 is a
stressed post-capture benchmark in which payload uncertainty is combined
with additional bounded mismatch.

The controller output mode is selected consistently with the case definition.
Cases 1, 3, and 4 are evaluated in state-regulation mode, whereas Case 2
is evaluated in end-effector mode. This distinction is essential because the
interpretation of the tracking error depends on whether the controlled quantity
is the reduced state or the local affine end-effector output.

In state-regulation mode, the references are setpoint values on the reduced
state components. In end-effector mode, the online controller does not
optimize the exact nonlinear end-effector map. Instead, it uses the local affine
surrogate introduced in Chapter 4 and therefore requires a consistent shift of
both references and bounds. For this reason, the end-effector references used
in Case 2 are generated offline together with the corresponding affine bias
terms. The online controller then receives quantities that are consistent with
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the linear constrained OCP actually being solved. As a result, the reported
end-effector error in Case 2 reflects both tracking quality and output-model
locality.

The LPV predictor uses a local scheduling box selected for the considered
case study. This region is triangulated offline, and online scheduling is
performed by identifying the active simplex and computing the corresponding
barycentric weights. To limit unnecessary switching between neighboring
simplices, the implementation includes hysteresis and minimum-dwell logic.
Projection and clipping are applied when the scheduling point approaches
the boundary of the selected region. These mechanisms improve runtime
robustness and also provide an indicator of predictor locality. Frequent
clipping suggests that the closed-loop trajectory is exploring regions close to
the boundary of the intended predictor domain.

Payload-related quantities, admissible mass ranges, coupling parameters,
and mismatch proxies are modified consistently through the case definition
before predictor construction and controller initialization. In post-capture
cases, the controller uses an estimated payload mass 71, whereas the nonlinear
plant uses the true payload value m,. In Case 3B, the estimated payload
mass is updated online through a step change that emulates a runtime model
update after capture. The update is clamped to the offline parameter grid
used to construct the LPV pages, so that the online predictor remains inside
the convex hull assumed during model construction.

For clarity, the simulation setup is summarized at three complementary
levels. Table 6.1 collects the common numerical and structural settings shared
across the campaign. Table 6.2 summarizes the role of each reported case.
Table 6.3 lists the KPI families used in the final comparison.

6.3 Performance Metrics and Validation

Tracking performance is assessed through RMS error, final tracking error, peak
error, and settling-related indicators when meaningful. In state-regulation
mode, these quantities are computed on the controlled state components. In
end-effector mode, they are computed on the output components defined by
the local affine map used by the controller. The settling indicator is used
comparatively and must be interpreted with care. In the regulation cases, it is
primarily influenced by the convergence of the joint rates and therefore does
not necessarily imply the smallest residual position error. For this reason,
final error and transient torque demand are given more interpretive weight
than settling time alone.

To characterize actuation demand, the reported results also distinguish
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between peak and RMS control effort. This is useful when comparing impulsive
torque demand with sustained actuation effort across the nominal and robust
formulations.

Constraint handling is quantified through violation counts, maximum vio-
lation magnitude, and violation duration for state, input, and output bounds.
When soft constraints are enabled, slack activation is also monitored to distin-
guish hard physical violations from optimizer-driven relaxation. Infeasibility
is tracked separately through solver status and fail-rate statistics. These
indicators are used both to validate numerical consistency and to interpret
conservative behavior in the robust controller.

Computational effort is quantified through QP solve-time statistics, in-
cluding mean solve time, 95th-percentile solve time, and maximum observed
solve time. These quantities are used comparatively under a common software
stack to rank the relative computational burden of the three controllers. They
are not interpreted as a direct claim of hard real-time deployability.

Additional diagnostics are used to distinguish actual controller behavior
from artifacts caused by frame inconsistencies, scheduling-region edge effects,
or predictor-locality limitations. Within the reported campaign, two indicators
are especially useful: the projection/clipping frequency, which measures how
often the online scheduling point must be forced back into the intended region,
and the maximum infinity-norm prediction residual, which provides a compact
indicator of predictor mismatch. These diagnostics are reported explicitly only
when they become central to the interpretation of a case, most notably in the
end-effector tracking benchmark. Additional signals such as slack activation,
tightening-related indicators, quaternion-norm drift, and physics-consistency
checks were also inspected offline and are discussed only when case-defining.

Before comparing the controllers on the final case studies, deterministic
checks are used to verify plant—controller interface consistency, output-map
coherence, constraint handling, scheduler behavior, and numerical reliability of
the reduced free-floating implementation. These checks are intended to ensure
that the differences reported later in Chapter 7 reflect controller behavior
rather than interface inconsistencies.

Unless explicitly stated otherwise, the compared controllers are evaluated
under the same plant benchmark, the same main constraint definitions, the
same sampling time, the same horizon length, and the same overall weighting
structure. The purpose is to preserve a fair comparison in which the observed
differences can be attributed mainly to predictor locality, scheduling, and
robustness mechanisms rather than to case-by-case retuning. The only case-
specific changes are those required by the scenario itself: operating-point
selection, output mode, payload mismatch definition, and runtime payload-
estimate updates in Case 3B.
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The reported campaign is treated as a deterministic comparative bench-
mark. Monte Carlo and ablation studies remain relevant extensions for future
work, but they are not part of the final set of results discussed in Chapter 7
unless explicitly stated. Only the final deterministic subset is discussed in
detail in the manuscript, mainly for readability and case-to-case comparability.
Cases 1-4 are therefore treated as the reference benchmark of the thesis. Com-
pared with the regulation cases, Case 2 relies more strongly on output-space
metrics and predictor-validity diagnostics because the controlled variable is
the local affine end-effector output introduced in Chapter 4 rather than the
reduced joint state itself. Case 3 is split into two complementary subgroups.
Case 3A collects the fixed-mismatch scenarios, whereas Case 3B collects
the corresponding runtime parameter-update scenarios. This distinction is
maintained throughout the reported results because it separates static model
mismatch from sensitivity to online payload-estimate correction.
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Table 6.1: Common simulation settings used throughout the reported cam-
paign. Only the benchmark scenario, output mode, reference type, and
case-dependent mismatch settings vary across cases.

Setting category

Adopted configuration

Simulation environment

Manipulator structure

Prediction horizon
Control horizon
Sampling time
Reference table duration
Nominal simulation stop
time

Optimization stack

Controller state

Prediction-model family

Output modes
Reference modes
Spacecraft geometry

Arm geometry
Satellite mass
Link mass
Satellite inertia
Link inertia

Base attitude represen-
tation

Scheduling logic

Performance reporting

MATLAB/Simulink closed-loop architecture
with nonlinear reduced plant and controller
block

Planar free-floating spacecraft with a two-link
revolute arm (n = 2)

N = 50 samples
N, = 50 samples
T, =0.01s
Tt = 158

Tiiop = 15s for regulation cases; extended in the
tracking case to allow post-reference settling
YALMIP formulation with OSQP as QP solver
and warm-start through receding-horizon shift
Reduced joint-space state z = [#7 7]T

Single linear predictor, local LPV scheduled pre-
dictor, and tube-based robust predictor built on
the same reduced-state structure

State regulation for Cases 1, 3, and 4; end-
effector tracking for Case 2

Setpoint references for Cases 1, 3, and 4; trajec-
tory reference for Case 2

Satellite side length [y = 1.3 m; joint offset dy =
0.84m

Equal link lengths [; = [, = 0.8 m

ms = 1700 kg

m; = 20kg per link

J, = diag(1434, 1434, 1735) kg m?

J; = diag(0.01, 1.0667, 1.0667) kg m?
Quaternion propagated in the nonlinear plant
with scalar-first convention

Local LPV region with simplex-based interpo-
lation, hysteresis, and projection/clipping diag-
nostics

Tracking residuals, peak and RMS torque de-
mand, Se%%ing—related indicators, solve-time
statistics, and selected predictor-validity diag-
nostics




Table 6.2: Overview of the reported deterministic case studies.

Case Output mode Main scenario Main objective
feature
Case 1  State regulation Nominal  free- Verify local closed-loop consis-
floating bench- tency and nominal constraint
mark handling
Case 2 End-effector Pre-capture tra- Assess output-tracking behavior
tracking jectory tracking under the local affine output
model
Case 3A  State regulation  Post-capture Evaluate controller behavior un-
fixed payload der structured parametric mis-
mismatch match
Case 3B State regulation  Online payload- Assess sensitivity to runtime pa-
estimate update rameter correction after capture
Case 4  State regulation Payload un- Stress-test the benchmark under
certainty  plus stronger mismatch conditions
additive mis-
match

95



Table 6.3: KPI families used throughout the comparative discussion.

KPI family

Reported quantities

Tracking
Actuation effort

Constraint han-
dling
Computation

Predictor valid-

1ty

Physical consis-
tency
Robustness-
related diagnos-
tics

€rms; Cfinal, Epeak, and settling-related indicators when
meaningful

Peak and RMS control effort, used to distinguish im-
pulsive torque demand from sustained actuation effort
Violation counts, maximum violation magnitude, viola-
tion duration, and slack activation when applicable
Mean, 95th-percentile, and maximum QP solve time;
observed fail-rate if present

Scheduler activity, projection/clipping frequency, and
residual consistency indicators such as the maximum
infinity-norm prediction residual

Quaternion-norm deviation and selected momentum-
/energy-related diagnostic trends

Tightening activity, slack signals, and auxiliary indica-
tors used to interpret conservative behavior

56



Chapter 7

Comparative Simulation Results

This chapter reports the final closed-loop results of the comparative simu-
lation campaign. The discussion is organized by case study and follows a
common structure: scenario definition, KPI summary, representative plots,
and technical interpretation. The metrics and diagnostics used throughout
the chapter are those introduced in Chapter 6.

The results must be interpreted within the assumptions of the benchmark.
In particular, the nominal LTI controller uses a single reduced predictor,
the nominal LPV controller uses a locally scheduled predictor, and the
robust controller combines tube tightening with stricter target anchoring than
the nominal formulations. Consequently, differences in tracking accuracy,
actuation demand, and computational burden should be read as the combined
effect of prediction structure, locality, and robustness mechanism.

7.1 Reading Guide

Across the reported cases, nominal performance is assessed primarily through
RMS error, final error, and transient torque demand. For this reason, the
aggregate tables report both peak and RMS torque, so that impulsive actua-
tion and sustained control effort can be distinguished. Robustness-oriented
behavior is instead interpreted through the combination of residual error,
torque demand, solve time, and, when relevant, predictor-validity diagnostics.

The controller ranking is therefore case-dependent. In local regulation
conditions, a simple predictor may already be sufficient. In post-capture
mismatch scenarios, lower torque peaks may be obtained at the price of
higher conservatism and longer solve times. In the end-effector tracking case,
the comparison must also be interpreted through projection frequency and
prediction-residual diagnostics, because the controlled output is a local affine
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surrogate rather than the exact nonlinear end-effector map.

7.2 Case 1: Nominal Regulation

Case 1 is the nominal free-floating regulation benchmark. Its role is to verify
closed-loop consistency and comparative controller behavior in the absence
of payload uncertainty and additive mismatch. Five initial conditions are
considered, spanning different combinations of initial joint configuration and
joint-rate level. The representative case retained here is the one with the
largest transient actuation demand.

All three controllers converge to the target in the reported runs, with no
state, output, or input violations and no solver failure. The aggregate results
in Table 7.1 show that the nominal LTT controller provides the smallest mean
final error. The LPV controller remains close in RMS behavior but does not
improve the final residual. The robust controller substantially reduces peak
and RMS actuation effort, but this benefit is obtained at the price of slower
convergence and higher computational cost.

Table 7.1: Case 1 aggregated KPIs, averaged over the five tested initial
conditions.

Controller €rms ef prk Urms Tset tsol tsol,95

[Nm] [Nm] [s] ] [s]

Nominal LTI~ 2.92 x 1072 1.26 x 107%  85.1 4.64 0.84 0.033 0.047
Nominal LPV 2,95 x 1072  3.76 x 1072 85.2  4.64 0.81 0.042 0.059
Robust 3.87x 1072 822x 1073 479 4.07 1.73 0.118 0.146
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Figure 7.1: Representative Case 1 regulation run. The top row shows the joint-
position error, whereas the bottom row shows the zoomed torque histories.
The nominal LTT controller achieves the smallest final residual, the LPV
controller remains close in transient behavior, and the robust controller
reduces the torque peaks at the price of slower convergence.

Predictor-validity diagnostics remain benign in this case: the mean projec-
tion /clipping frequency stays below 8 x 1072 and the maximum infinity-norm
prediction residual remains on the order of 1073. Case 1 therefore confirms
that the benchmark is strongly local from the predictor viewpoint.

Overall, Case 1 shows that the single linear predictor is already highly effec-
tive for local regulation, whereas the robust formulation makes the expected
trade-off between lower actuation aggressiveness and higher conservatism
visible even in the nominal benchmark.

7.3 Case 2: Pre-Capture Tracking and End-
Effector Performance

Case 2 is the pre-capture tracking benchmark and is evaluated in end-effector
mode. The controlled output is the local affine end-effector map introduced
in Chapter 4, so the reported tracking error must be interpreted in output
space rather than in joint space.

Two trajectory-tracking scenarios are retained in the reported benchmark.
The more demanding one in output space is used as the representative case.

Across both scenarios, all three controllers complete the task without
state, output, or input violations and without solver failure. Table 7.2 shows
a different trade-off from the regulation cases: the nominal LTI controller
gives the smallest final tracking residual, whereas the robust controller yields
the smallest mean RMS tracking error together with substantially lower peak
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and RMS torque demand. The LPV controller remains close to the LTI
formulation in RMS tracking error, but does not improve the final residual
and is computationally heavier.

Table 7.2: Case 2 aggregated KPIs, averaged over the two retained trajectory-
tracking scenarios.

Controller €rms ef ’l_ka Uyrms Eset tsol tsol,95
[Nm| [Nm] [s] ls] ls]

Nominal LTI ~ 8.27 x 1072 7.89 x 107°> 98.99 12.08 6.27 0.0588 0.1048
Nominal LPV  8.23 x 1072 6.75 x 10™* 98.99 12.08 6.27 0.1272 0.2641
Robust 798 x 1072 1.27x107% 64.57 6.80 6.62 2.2311 3.3587

Table 7.3: Case 2 predictor-validity diagnostics, averaged over the two retained
trajectory-tracking scenarios.

Controller Projection/clipping frequency Max. prediction residual
Nominal LTI 7.61 x 107! 3.10 x 1071
Nominal LPV 7.61 x 107! 3.10 x 1071
Robust 7.65 x 107! 9.07 x 102
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Figure 7.2: Representative Case 2 end-effector tracking run for the more
demanding trajectory. The top row compares the output trajectories against
their references, whereas the bottom row shows the output-error norm. The
robust controller yields a smoother transient and lower integrated tracking
error, while the nominal LTI controller preserves the smallest terminal residual.

A key feature of this case is the high projection frequency of the scheduled
predictor. Table 7.3 shows a mean projection/clipping frequency close to 0.76
for all three controllers, much larger than in the regulation cases. At the same
time, the nominal predictors exhibit a maximum prediction residual on the
order of 3 x 107!, whereas the robust controller reduces this indicator below
1071,

Case 2 should be read primarily as a locality-limited end-effector tracking
benchmark, rather than as a pure terminal-accuracy ranking test, because
predictor-validity indicators become large for all controller formulations.

7.4 Case 3: Post-Capture Regulation Under
Payload Mismatch

Case 3 evaluates the controllers in post-capture regulation scenarios affected
by payload-related model mismatch. The case is divided into two subgroups:
Case 3A, with fixed payload mismatch, and Case 3B, with an online update
of the payload estimate used by the controller.

Across the reported scenarios, all three controllers complete the regulation
task and remain comparable on a common deterministic benchmark. The
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relevant differences therefore concern final accuracy, transient aggressiveness,
settling behavior, and computational burden rather than hard feasibility loss.

7.4.1 Case 3A: Fixed Payload Mismatch

Case 3A collects the fixed-mismatch post-capture scenarios. The representa-
tive case used below corresponds to the heavier payload mismatch combined
with a demanding initial condition.

Table 7.4 shows that the nominal LTI controller provides the smallest mean
final regulation error. The LPV controller yields the largest final residual
across the subgroup. The robust controller does not minimize final error, but
it reduces the average peak torque and often produces a smoother transient.
This interpretation is refined by #.,s: the robust controller lowers the peak
demand, but does not reduce the sustained RMS effort.

Table 7.4: Case 3A aggregated KPIs, averaged over the retained fixed-
mismatch scenarios.

Controller €rms ef Upk Urms Eset tsol tsol,95
[Nm| [Nm| [s] [s] [s]

Nominal LTT  7.09 x 1072 6.36 x 1072 94.3 10.83 3.55 0.022 0.034
Nominal LPV 756 x 1072 3.35x 1072 944 10.83 3.69 0.288 0.391
Robust 813 x 1072 881 x10% 763 1228 245 1.329 1.787

15 2 25 5 5 B 25
Time [s] Time [s Time [s]

Figure 7.3: Representative Case 3A run for the heavier fixed payload mismatch.
The top row shows the joint-position error, whereas the bottom row shows the
zoomed torque histories. The nominal controllers preserve smaller residual
errors, while the robust controller limits the torque peak more effectively at
the price of a much larger solve-time burden.
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Predictor-validity diagnostics remain moderate in this subgroup: the mean
projection/clipping frequency is about 1.5 x 1072 for the nominal controllers
and about 3.5x 1072 for the robust formulation, while the maximum prediction
residual remains on the order of 1072 for all three controllers. The subgroup
therefore remains largely inside the intended predictor region.

Overall, Case 3A shows that under fixed payload mismatch the nominal
LTT formulation remains highly competitive in final regulation accuracy,
whereas the robust formulation trades nominal accuracy for reduced peak
actuation and smoother transients.

7.4.2 Case 3B: Online Payload-Estimate Update

Case 3B investigates the effect of an online update of the payload estimate
used by the controller. The representative case used below corresponds to an
upward correction of the payload estimate from a lighter to a heavier value.

The KPI values in Table 7.5 show that the controller ordering remains
qualitatively similar to Case 3A: the nominal LTT controller retains the
smallest mean final error, the LPV controller does not provide a systematic
final-error advantage, and the robust controller remains the least aggressive in
peak torque demand while also being the most computationally demanding.

Table 7.5: Case 3B aggregated KPIs, averaged over the retained payload-
update scenarios.

Controller €rms ef apk Urms fset tsol tsol,95
[Nm] [Nm] 3] ls] ls]

Nominal LTT  7.43 x 1072 4.83x 102 934 1092 3.24 0.023 0.035
Nominal LPV  7.86 x 1072 2.64x 1072 934 1092 3.75 0.291 0.379
Robust 838x 1072 7.75x 1073 762 1355 232 1218 1.416
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Figure 7.4: Representative Case 3B run for an upward payload-estimate
correction. The top row shows the joint-position error, whereas the bottom
row shows the zoomed torque histories. The correction improves the final
residual with respect to the corresponding fixed-mismatch case, while the
overall controller ordering remains qualitatively unchanged.

In the retained scenarios, upward corrections toward the heavier-payload
cases improve the final residual more clearly, whereas downward corrections
do not show the same benefit and may even degrade the final error. This
indicates that the effect of runtime payload updates depends on both the
direction and the magnitude of the correction.

Compared with Case 3A, the predictor-validity diagnostics become more
informative. The mean projection/clipping frequency remains moderate,
but the maximum prediction residual rises more markedly in the nominal
formulations than in the robust one. Case 3B is therefore best interpreted as
a controlled runtime parameter-update study rather than as a fully adaptive
benchmark.

7.5 Case 4: Stressed Post-Capture Regulation
Under Payload Uncertainty and Additive
Mismatch

Case 4 is the stressed post-capture scenario. It combines payload uncertainty
with additional bounded mismatch and is intended to probe controller be-
havior when the regulation task remains feasible but the closed-loop demand
becomes more severe. The more demanding reported scenario is used as the
representative case.

No solver failure or infeasibility was observed in the retained scenarios.
Case 4 is therefore best interpreted as a severe regulation benchmark in
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which the main differences emerge in final residual, torque aggressiveness,
and computational burden rather than in loss of feasibility.

Table 7.6: Case 4 aggregated KPIs, averaged over the retained stressed
scenarios.

Controller €rms ef prk Urms Tset tsol tsol,95

[Nm| [Nm] [s] ] [s]

Nominal LTI  3.00 x 1072 2.81x 107> 87.6 4.87 1.34 0.031 0.044
Nominal LPV  3.01 x 1072 340x 1073 87.7 4.86 1.64 0.134 0.158
Robust 420x 1072 552x107% 51.1 452  1.58 1.932 2.460
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Figure 7.5: Representative Case 4 stressed run for the more demanding
reported scenario. The top row shows the joint-position error, whereas the
bottom row shows the zoomed torque histories. The nominal LTI controller
preserves the smallest final residual, while the robust controller markedly
reduces the torque peaks at the price of a much larger computational burden.

The additional diagnostics clarify the nature of this case. The mean
projection/clipping frequency remains low, below 9 x 1073 for all controllers,
whereas the maximum prediction residual rises to about 5 x 1072 for all
three formulations. Case 4 is therefore not dominated by scheduling-region
excursion, but by a stronger mismatch level within still-local trajectories.

Overall, Case 4 reinforces the same trade-off already visible in the post-
capture scenarios: the robust formulation reduces torque aggressiveness, but
at the price of stronger conservatism and much larger solve times.
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7.6 Cross-Case Synthesis

Three recurring trends emerge from the reported benchmark.

First, in local and moderately stressed regulation scenarios, the single
linear predictor is already highly effective. It repeatedly provides the smallest
final regulation residual, as shown by Case 1, by the mean results in Case 3A
and Case 3B, and by the retained stressed Case 4 scenario.

Second, in the present implementation, the LPV predictor does not provide
a systematic final-error improvement over the LTI baseline in the retained
regulation cases. Its role is instead to represent the local dependence of the
predictor on the operating condition more explicitly. This becomes useful
when predictor locality and output-space interpretation matter, but in the
reported dataset it does not change the overall ranking in terminal accuracy.

Third, the robust controller changes the transient more than the final
ranking. Across the post-capture cases, it repeatedly lowers peak torque and
often produces less aggressive behavior under bounded mismatch. These
benefits are obtained at the price of stronger conservatism and a much larger
computational burden, and they do not imply that the robust formulation is
the best one for final-residual minimization.

The predictor-validity diagnostics help interpret these results. In Case 1
they remain very small, confirming that the benchmark is strongly local. In
Case 2 they become large, which shows that the tracking results must be read
together with the locality of the affine end-effector output model. In Case 3B
the payload-estimate update perturbs the nominal predictors more clearly
than the robust one. In Case 4 the projection frequency remains small while
the prediction residual increases, indicating a mismatch-dominated stressed
condition rather than a lack of scheduling coverage.

Taken together, the cases show a clear engineering trade-off. A minimal
predictor is already sufficient in the local regulation scenarios considered here,
LPV scheduling makes the predictor more sensitive to operating-condition
changes without yet outperforming the LTI baseline in terminal accuracy,
and the robust layer is mainly useful when reduced torque aggressiveness and
safer conservative behavior are preferred over nominal sharpness.
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Chapter 8

Conclusion and Future Work

8.1 Summary of Contributions

This thesis developed an MPC framework for a planar free-floating space-
craft-manipulator benchmark under bounded prediction mismatch and pay-
load uncertainty. The work combines reduced nonlinear modeling, local linear
prediction, nominal MPC design, tube-based robustness, and comparative
simulation-based validation within the same control-oriented study.

From the modeling side, the thesis established a reduced free-floating
plant based on momentum conservation and Schur-complement reduction.
The nonlinear simulation still propagates the spacecraft attitude quaternion
for kinematic consistency and diagnostic checks, while the controller operates
on a reduced joint-space state. This choice preserves the dominant base—arm
coupling effects while keeping the online optimization problem tractable.

From the prediction side, the thesis constructed a local discrete-time
predictor family from multiple operating-point linearizations, affine correction
terms, and lightweight online interpolation. The resulting LPV predictor is
not intended as a globally exact model of the nonlinear plant. Its purpose
is to improve local predictor representation while preserving a QP structure
suitable for online MPC.

From the control side, three formulations were developed and compared
under the same benchmark assumptions: a nominal LTI-MPC, a nominal
LPV-MPC, and a tube-based robust MPC. The validation campaign covered
nominal regulation, end-effector tracking, post-capture payload mismatch, on-
line payload-estimate updates, and retained stressed post-capture conditions.

The reported results support three main conclusions. First, the nominal
LTT controller based on a single linear predictor is already a very strong base-
line for local and moderately stressed regulation, and it repeatedly provides
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the smallest final residual in the retained regulation cases. Second, the LPV
predictor captures local operating-point dependence more explicitly, but in
the present dataset it does not provide a systematic final-accuracy advantage
over the LTT baseline. Third, the robust controller is useful when lower torque
peaks and more conservative transients are required under bounded mismatch,
but these gains come with stronger conservatism, stricter target semantics,
and much larger solve times.

These conclusions must be read within the scope of the benchmark adopted
in the thesis: planar free-floating motion, reduced joint-space prediction, local
LPV scheduling, constant-Bd predictor structure, and bounded mismatch
budgeting. Within this scope, the main contribution of the work is that the
effect of predictor choice, robustness mechanisms, and model mismatch can
be evaluated on the same reduced plant and under the same main comparison
assumptions, instead of being inferred from disconnected case-specific designs.

8.2 Future Research Directions

Several extensions follow naturally from the limitations identified in the
present work.

A first direction concerns prediction fidelity. The current LPV surrogate
relies on local linearization, Forward Euler discretization, frozen-quaternion
page generation, and a constant-B,; page structure. Future work may inves-
tigate more accurate discretization and page-construction strategies while
preserving tractable online QP assembly.

A second direction concerns the LPV architecture itself. In the current
benchmark, LPV scheduling remains local and can require substantial pro-
jection activity in end-effector tracking conditions. A natural extension is
to improve region design, page coverage, and interpolation logic so that
the scheduled predictor remains informative over a wider set of trajectories
without introducing excessive online complexity.

A third direction concerns the robust controller. In the present formula-
tion, robustness and target semantics are coupled, because the tube center
is anchored more strictly to the requested reference than in the nominal
formulations. A more homogeneous robust-tracking formulation should com-
bine tube-based robustness with artificial-reference optimization, so that
robustness effects and target-definition effects can be separated more cleanly.

A fourth direction concerns payload adaptation. In this thesis, runtime
payload-estimate updates are injected externally and clamped to a precom-
puted predictor family. A more advanced extension would combine online
payload estimation with principled uncertainty-set management, so that pa-
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rameter adaptation can improve closed-loop behavior without violating the
assumptions used to construct the scheduled predictor and the tightening
layer.

Finally, the benchmark could be extended beyond the present planar
free-floating setting toward more general three-dimensional dynamics, richer
post-capture inertial models, or architectures in which manipulator motion,
spacecraft attitude, and guidance generation are optimized in a more inte-
grated way. These extensions would allow the benchmark to cover richer
dynamics, broader uncertainty descriptions, and tighter integration between
estimation and control.
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