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A Finite-Gain Stability Approach to NMPC Design

Carlo Novara, Mattia Boggio, Lorenzo Calogero, Michele Pagone

Abstract— This paper proposes a novel approach to the
design of Nonlinear Model Predictive Control (NMPC) schemes
based on the Finite-Gain Stability (FGS) concept. The proposed
formulation considers the case where the plant is affected
by unknown but bounded disturbances, which renders the
classical Lyapunov-based analysis/design difficult. Based on
FGS conditions for a closed-loop system, we develop a sys-
tematic scenario-based NMPC design methodology, allowing
us to choose the relevant NMPC parameters enforcing FGS
and providing satisfactory tracking performance. A simulated
example is presented to demonstrate the effectiveness of our
framework.

I. INTRODUCTION

In the framework of optimal control, Nonlinear Model
Predictive Control (NMPC) has emerged as one of the most
effective and reliable control methodologies for nonlinear
systems. Its success stems from its inherent ability to provide
optimal control commands for multi-variable systems in the
presence of inputs, outputs, and state constraints [1].

In this context, establishing conditions for closed-loop
stability is a nontrivial problem that poses exceptional chal-
lenges. This problem is even more relevant in the presence of
disturbances, whose effects on the system state and tracking
error are difficult to characterize. It is then natural to ask
under which conditions the nominal NMPC' is able to ensure
that perturbed trajectories remain bounded or converge close
to the desired reference. Such a problem is, in general,
difficult to characterize.

Nowadays, nominal NMPC stabilizing design theory is
typically based on the Lyapunov approach, see, e.g. [2],
and the references therein. Nevertheless, its extension to the
case where the plant is affected by unknown disturbances
and time-varying references is nontrivial. Early works (see,
e.g., [3], [4]) provide Lyapunov-based asymptotic stability
certificates without, however, offering constructive guidelines
for determining disturbance bounds and for explicitly quan-
tifying their effect on the tracking performance, making the
stabilizing design rather conservative and hard to apply in
practice.

Alternative approaches, which can be more convenient
than the standard Lyapunov-based procedure in certain set-
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'Henceforth, with nominal NMPC we shall denote a non-robust controller
which, in principle, is still able to guarantee the stability of the closed-loop
in presence of external disturbance.

tings, formulate the closed-loop stability of nonlinear sys-
tems by leveraging the notions of Input-to-State Stability
(ISS) [5] and Finite-Gain Stability (FGS) [6], [7]. Both these
concepts characterize how the system state/output converges
or remains bounded, depending on the initial condition,
the magnitude of the reference, and the bounds on the
disturbance.

Building up on the recent results on ISS and FGS, in this
paper, we propose a novel FGS-based design approach to
NMPC control systems. We establish sufficient conditions
under which, given a set of feasible initial conditions and
possibly time-varying references, under the application of
the NMPC control law, the closed-loop trajectories remain
bounded and converge towards a neighborhood centered on
the reference.

The proposed framework is not meant to serve as a robust
counterpart of the nominal NMPC (as in [5], [8]), rather,
it defines conditions under which a NMPC controller is
inherently capable to attenuate the external disturbance for
letting the system’s output to converge and remain bounded
in a close neighborhood of the reference. The stability of the
closed-loop is not formulated by employing the standard ter-
minal ingredients of the Lyapunov framework [2], but relies
on the FGS bound estimates. However, unlike the classical
ISS-based and FGS-based methods, see, e.g., [9], thanks to
a quasi-LPV (Linear Parameter Varying) formulation, we
explicitly deal with the case of time-varying references, but
in a different fashion with respect to the artificial reference
tracking MPC approach, see, e.g., [10], [11] and the refer-
ences therein. Indeed, in this latter approach, the terminal
constraints/penalties may be hard to design for arbitrary
time-varying references. Instead, we formulate FGS concepts
using a tracking-oriented error bound that directly accounts
for reference variations.

Afterwards, we focus on the choice of the NMPC config-
uration parameters, namely the prediction horizon and the
weighting matrices appearing in the cost function. Given
a region of initial conditions, a class of reference signals,
the goal is to provide a scenario-based selection of NMPC
configurations that enforces FGS when the plant is subject
to unknown but bounded disturbances.

To this end, we propose an FGS-based three-step offline
NMPC design procedure: i) a finite simulation horizon is
selected so as to capture the transient interval over which
the contraction of the closed-loop error dynamics becomes
visible; ii) a family of candidate NMPC configurations is
generated by varying the main tuning parameters around
a nominal design; iii) each candidate is evaluated over a



scenario set composed of initial conditions and reference
signals. In this way, the FGS analysis is used as a practical
guide for controller synthesis.

The appeal of the proposed methodology stems from the
fact that each candidate NMPC configuration is assessed only
over a finite horizon, using quantities that are meaningful
both from a stability and from a performance viewpoint. This
makes the procedure computationally efficient and particu-
larly suitable for the practical tuning of NMPC controllers
over a prescribed operating domain, while preserving a high
level of interpretability.

The novel contribution of the paper is twofold: i) we derive
a formulation of the finite-gain bounds for the closed-loop
tracking error; ii) we exploit such bounds to formulate a
scenario-based offline design methodology for selecting an
NMPC configuration enforcing the closed-loop FGS.

The proposed approach is illustrated on an automated-
vehicle control problem involving lateral and longitudinal
motion, where the method is used to choose the prediction
horizon and cost weights before validating the resulting con-
troller on lane-keeping and obstacle-avoidance maneuvers.

II. DISCRETE-TIME NMPC

Consider a discrete-time nonlinear system described by
the following state equation:

i1 = fwe, ) + de (D

where ¢t € Ny is the time index, x; € R™~ is the system state,
up € U C R™ is the command input, d; € D C R™ is an
exogenous disturbance, U and D are compact sets. The state
is assumed to be measured in real-time. If not measured, it
can be estimated by means of an observer or an input-output
model can be used instead of the state equations. The control
task is to make the system state x; track a desired reference
signal r, € R"=.

The NMPC formulation developed in this paper is as
follows. At each time step ¢, the system state x; is measured.
An optimal command is computed based on z;, and then
applied to the system. Let 7' > 1 be the prediction horizon,
the NMPC objective function is defined as

T-1 T-1
Jo(@e,w) = > wlRup+ > & QFy +ipPir  (2)
k=0 k=1

where T, = v, — @ is the predicted tracking error, tx =
rerr € R,k =1,...,T, is the reference to track, u =
(ug, ..., ur_1) € RT™*1 5 the applied input sequence, and
R, Q, P are diagonal positive-definite weight matrices.

The input constraints are described by u, € U, k =
1,...,T. The state constraints are treated as soft constraints
using penalty functions. In particular, for each constraint, a
penalty function o; € C! is introduced, such that (&) ~ 0
when the constraint is satisfied, o;(&x) > J, (24, u) when
it is not (see, e.g., [12]). The penalty functions are added to
Jo, giving the “augmented” objective function

J (@, w) = Jo (v, w) + 325 05(2x) ©)

Moreover, the command sequence u = (ug,...,ur_1)
may contain a relatively large number of decision variables.
An efficient method to reduce the number of variables is the
Move Blocking technique, see, e.g., [13], [14]: the command
sequence u is parametrized as u = I', where I' € RT7ux"e
is a full-rank matrix with n. < Tn,, and ¢ € R™¢ is a new
command input sequence with reduced dimension. A sample
uy of u can be obtained using a selection matrix S}’ such
that u; = Spu = SiT'c. Note that I' is a design parameter,
selected a-priori. Under the above input parametrization, the
optimization problem becomes:

¢* = argmin J (z¢, Tc) 4)
subject to:
Lio = Tt

i’kJrl:f(:i‘k,S;:FC), kZO,...,T—l
SiTeelU, k=0,...,T —1.

As usual in the NMPC context, the plant is controlled by
NMPC under the one-step receding horizon policy.

III. FINITE-GAIN ANALYSIS

In this section, a closed-loop finite-gain stability analysis
is developed for the case where an exact model of the plant
(1) is available.

The finite-gain stability concept considered is the follow-
ing.

Definition 1. Consider a discrete-time nonlinear system
Xer1 = g(xe, we), where xy € R is the state, xo € Xy C
R™= s the initial condition, and wy € W C R"» s the
input (containing all external signals acting on the system,
including commands and disturbances). The system is finite-
gain stable on (Xo, W) if a constant 0 < p < 1, and finite
non-negative constants Mg, Ay, Ay exist, such that
t—1
lzell < Aop’ ol + Aw D p" " il + Ay, £=1,2,...
i=0
for all initial conditions vy € Xo and input sequences
(wg, w1, ...) € W. Stability is said without bias if Ay = 0.
O

A finite-gain stability analysis is now developed for the
closed-loop system given by the plant (1) controlled in
feedback by the NMPC strategy of Section II. This system
is described by x441 = f(x¢, ut) + d¢, where uy = SPT'c*
and c* is the solution of problem (4) at time ¢. Since this
solution depends on z; and the reference sequence r; =
(r¢x1,-..,7ee7), We use the notation ¢* = ¢*(xy, ;). The
closed-loop system state equation is

Top1 = fog,ue) +dp = f(ag, SyTe (we,14)) + dy
= fe(we,ry) + dy

where fo(z¢,re) = f(ag, SPTe* (24, 14)) is the closed-loop
transition function. The initial state and each reference sam-
ple belong to a set where the penalty functions are not active:

(&)



zo € Xo = Xo N Xpa, where Xy C R” is a compact
connected set and X,, = {z € R"™ : g,;(z2) = 0,Yj}.
Similarly: r, € R = RN X,,, where R C R™ is a compact
connected set. The reference sequence r = (rg,71,...)
belongs to a signal set of interest: » € R C R°°, where
R = {(ro,7m1,...) : 7x € R} and exogenous disturbance
sequence d = (dg,ds,...) belongs to the bounded set D,
where D is defined similarly to R.

The following lemma shows that the dynamics of the
tracking error e, = r; — x4 can be described by a quasi-
LPV (Linear Parameter Varying) equation.

Lemma 1. Consider the closed-loop system (5). The dynam-
ics of the tracking error e; = ry — x4 is described by

ery1 = Arer + & — di 6)

where § =111 — fe(re, 1) and

Ati{

Proof. The proof is provided in [15]. [

Besides providing a quasi-LPV representation of the track-
ing error dynamics, the lemma shows that this dynamics is
driven by two external variables: the disturbance d; and the
quantity &;. The latter can be interpreted as a “reachability”
variable, measuring the “smoothness” of the reference signal.
Indeed, suppose for simplicity that the matrix R in (2) is
null. Consider the ideal situation where, at a time ¢, x; = r;
and a c exists such that r.41 = f(rs, S¥Tc* (x4, ry)). Then,
minimizing the objective function yields & = 0. In such an
ideal situation, &; is null and the tracking error dynamics
is only driven by the disturbance. In generic situations,
“smooth” reference signals are expected to yield small values
of &, while references with abrupt variations give large
values of &;.

(fc(rtart)_fc(xt»rt))(rt_l‘t)-r
llre—all
O7 Tt = T¢.

y Lt 7é Tt (7)

Based on the above lemma, a finite-gain stability result is
now derived, using the following assumption.

Assumption 1. Closed-loop transition matrix bound. Define
the transition matrix

rr={

where A; is given in (7). We assume that an integer 7 > 0
exists such that

At+7-_1At+.,—_2 - At7 T>0
I, 7=0 ®

J— . T
vEA) = e <1 OO

This assumption is based on the quasi-LPV tracking error
dynamics (6), whose properties can be studied using the
theory of Linear Time Varying (LTV) systems. Most stability
assumptions that can be found in the LTV literature regard
the matrix A;. For example, a standard assumption is that A;
has eigenvalues inside the unit circle and is “slowly varying”
[16]. Another typical assumption is | 4;|| < 1,1 =0,1,...,
[16]. In our approach, we do not make assumptions on A;
but on the matrix F}". This latter is the product of several

subsequent matrices A;, making our assumption weaker than
the standard ones regarding directly A;. As shown by the
following theorem, (9) is the key condition for guaranteeing
closed-loop finite-gain stability.

Theorem 1. Let Assumption 1 hold. Then:
(i) The closed-loop system (5) is finite-gain stable on
(XO, R)
(ii) The tracking error e; = ry — x¢ is bounded as
t—1
lleell <Aop' leoll + Ae D o &l
=0 (10)

t—1
+ A P ||
=0

where p = 4Y/7 < 1, and A, A¢, Ag are finite non-
negative constants.

Proof. The proof is provided in [15]. [J

Remark 1. According to Theorem 1, the key condition
for closed-loop finite-gain stability is v < 1, see (9).
As discussed above, this condition relies on a quasi-LPV
representation of the tracking error dynamics and is less
conservative than the standard assumptions that can be used
for quasi-LPV/LTV systems. An important observation is
that, while checking FGS using Definition 1 is practically
impossible, the verification of (9) is possible. Indeed, in
Section IV we propose a viable method for the numerical
estimation of vy, allowing us to enforce stability in practice.
The estimate of -y is also the core of a systematic procedure
for efficient NMPC design, see Sections IV and V. O

IV. NMPC DESIGN

This section presents a systematic NMPC design method-
ology, allowing an effective selection of a suitable NMPC
configuration leading to closed-loop finite-gain stability, as
defined by Theorem 1, while providing satisfactory tracking
performance. The design procedure consists of three key
steps: (i) determination of the integer horizon 7 used in
the finite-gain analysis; (ii) a closed-loop function sampling
campaign that generates candidate NMPC configurations and
closed-loop data over a finite interval of length 7; (iii) a
selection rule that chooses the best configuration according
to both tracking error and stability criteria.

Let ® denote a finite set of NMPC configurations. Each
configuration ¢ € ® is described by a prediction horizon
T and weighting matrices @ > 0, R = 0, P > 0. Let
s = (xo, 7, d) be a generic scenario containing an initial state
xo € X, a reference sequence 7 = (r9,71,...) € R and an
exogenous disturbance sequence d = (do, d1,...) € D.

At a given time ¢ and for a fixed configuration ¢ and sce-
nario s, denote by: i) z+(¢, s) the closed-loop state trajectory
produced by the NMPC law; ii) e:(¢, s) the corresponding
tracking error; and iii) F; (¢, s) the transition matrix.

It is important to highlight that the proposed procedure
does not provide a formal guarantee of finite-gain stability



for all initial conditions xy € Xj. Instead, it offers a practical
approach to identify NMPC configurations that are likely to
satisfy the finite-gain condition over a predefined operating
domain, described through a finite set of representative
scenarios. The reliability of the method therefore depends
on the coverage of the scenario sets and on the robustness
margins introduced in the design.

A. Selection of the simulation horizon T

The integer 7, introduced in Assumption 1, must be chosen
sufficiently large to ensure that the norm of the product
F7 (&, s), denoted by ~(7), remains strictly less than one
for all the considered scenarios. Since the exact verification
of this condition over the full domain is generally intractable,
we estimate a conservative value of 7 by means of the
following procedure:

1) Generate an initial scenario set Sy, = {s!,...,sM}

where each element is defined as s' = (z}, ¢, d?).

2) Choose a nominal NMPC configuration ¢y, denoted
by the tuple (bnom = (TnomaQnomaRnomypnom)s ob-
tained, for instance, from standard design heuristics
such as Bryson’s rule [17].

3) For each scenario s € Si,, perform a closed-loop
simulation, using ¢pem, until a final time 7§, (e.g.,
the time at which the system reaches the reference or
a predefined maximum simulation time). At each time
t=1,...,Ts, compute the value of v as defined in Eq.
(9) and determine the smallest integer 7; such that

[l

~7i(t) <1, Vt=rm. Thn. an
4) Compute 7* as
"= max T;+A;, (12)
ie{l,..., M}

where A, > 0 is a robustness margin.

The role of A, is to improve the reliability of the finite-
gain condition with respect to untested scenarios. Since 7 is
computed from a finite scenario set, it may underestimate the
true contraction horizon required over the entire set X. The
addition of A, compensates for this effect and increases the
likelihood that the finite-gain condition «(7*) < 1 also holds
for scenarios not explicitly included in S;,. However, this
mechanism does not provide a formal guarantee over all xy €
X, and its effectiveness depends on the representativeness
of the scenario set.

If (12) cannot be satisfied for any 7, it may be necessary
to modify ¢pom (e.g. increase T or retune Q, R, P) or relax
performance requirements.

B. Closed-loop Function Sampling

A Closed-loop Function Sampling campaign is conducted
to evaluate the finite-time closed-loop response for each
NMPC configuration. The steps are:

1) Generate an evaluation scenario set S = {s!,... sV},
with N > M. This set is typically constructed in order
to ensure a proper coverage of the relevant initial states,

reference trajectories, and disturbance profiles, and may
be an extension of the initial scenario set, i.e., S O Sin.

2) Build the NMPC configuration set ® = {¢;}1,, ¢; =
(TW),QW, RY PU) by choosing different values of
T, Q,R and P. The matrices (), R and P can be
scaled starting from the nominal NMPC configuration
Q= O‘QQnoma R = agRuiom, P = apPyom where
ag,aR,ap > 0 are scalar tuning parameters.

3) For each configuration ¢;, simulate the closed-loop state
trajectory z¢(¢;, s') over the time interval ¢ = 1,...,7*
for all scenarios s, and store the resulting tracking error
er+ (¢, ") and transition matrix Fy (¢, s%).

C. Selection of the optimal NMPC configuration

For each NMPC configuration ¢ € ®, we define two
metrics:

a) Tracking error metric: The worst-case tracking error

over all scenarios is defined as
E(¢) = max E(d,s") = ma e (¢, s
(¢) = max E(¢,s) = max, [lec-(6,5")]

=1

13)

b) Finite-gain stability metric: The worst-case finite-

gain stability index is given by
L(¢) = (%) = F7 (¢,8)]. (14
(¢) = max ~(7") = max [[(F7 (¢,s))]. (4

yeeey ceey

For the selection rule, we first normalize the two metrics
relative to their worst-case values across the entire set ®

E(¢) L(¢)

maxe E’ maxe L’

En(¢) = Ln(¢) =

and then define the following cost function

Jsr(¢) = aJEn(¢)+(1_a])Ln(¢)v

Finally, the optimal NMPC configuration is selected as

ay €10,1]. (15)

¢* = arg I(;lelg Jsr(0). (16)

D. Visualization and sensitivity analysis

To improve interpretability of the results, the sensitivity of
the finite-gain stability index (and tracking performance) to
key design parameters can be analyzed through parametric
analysis. Specifically, surface plots or level curves of L(¢)
and E(¢) are generated over a two-dimensional grid defined
by the prediction horizon T" and the ratio k = ag/ag. These
plots show how variations in 7" and in the relative weighting
between states and inputs influence the closed-loop stability
margin (and tracking accuracy).

E. Summary of the design algorithm

Algorithm 1 summarizes the proposed procedure.

By exploiting the finite-gain stability condition of The-
orem 1, the proposed procedure provides a systematic and
computationally efficient method for obtaining an optimal
NMPC configuration through a function sampling campaign
in which each closed-loop simulation is performed only



Algorithm 1 Selection of the optimal NMPC configuration
via finite-gain analysis
Input: System (1), Xy, R, D
Output: ¢*

1: Choose nominal ¢y, and compute 7* according to (12).

2: Construct the NMPC configuration set ® and the sce-

nario set S.
: for all ¢ € ¢ do:
for all s € S do:

*

3

4

5: Simulate closed-loop for t =1,...,7%.

6: Compute E(¢,s) and FJ (¢, s%).

7 end for

8 Compute E(¢) and L(¢).

9: end for

10: Select ¢* through Eq. (16).

11: Produce surface plots and, if necessary, refine the can-
didate grid.

over the horizon 7*. This significantly reduces the compu-
tational effort compared to traditional long-horizon simula-
tions, where different types of scenarios are considered and,
for each of them, several maneuvers are simulated for their
complete duration.

V. EXAMPLE: LATERAL/LONGITUDINAL CONTROL FOR
AN AUTOMATED VEHICLE

We present the application of the proposed NMPC design
methodology to the problem of controlling the lateral and
longitudinal dynamics of an automated vehicle. The resulting
controller is then validated on two standard maneuvers: lane
keeping and obstacle avoidance.

A standard Dynamic Single-Track (DST) model is consid-
ered, providing a representation of both lateral and longitu-
dinal vehicle dynamics:

DX = Uy COST — Uy Sin g
Py = Uz Sinty + vy cosyp
b=w

by = Vb + ap (17)

. . 2
Uy = _vrw"‘a(Fyf"‘Fyr)
. 2
W=7 (IrFyr = L Fyr)
4

where px and py are the coordinates of the vehicle in
an inertial frame, ¢ is the yaw angle, w denotes the yaw
rate, and v, v, are the longitudinal and lateral speeds,
respectively. The main physical parameters of the model and
their values are as follows: mass m = 1575kg; moment
of inertia I, = 4000 kgm?; distances of Center of Gravity
(CoG) to front axle Iy = 1.2m and rear axle /, = 1.6 m.
Moreover, F,; and Fy, are the lateral forces, given by
F,+ = —c¢Bf, Fy, = —c; By, where ¢y = 2.7 - 10* N/rad
and ¢, = 2-10* N/rad are the front/rear cornering stiffnesses.

The front/rear tire slip angles 3y and 3, are defined as

By = atan <vy+lfw> — &y, fBr = atan <W> .
v

T Vg

(18)
The longitudinal acceleration a, and the steering angle
0y are the control variables with the following saturation
constraints: a, € [—5, 3] m/s?, 6y € [—0.78, 0.78] rad.
The DST equations have been discretized by means
of the Forward Euler method, using the sampling time
Ts = 0.1 s. The controlled outputs considered in
the NMPC design are (px, py, ¥, v.). To account for
model-plant mismatch and measurement errors, a Gaus-
sian noise term was added to the plant dynamics during
simulation. Specifically, the noise had a mean vector y =
[0.5, 0.5, 0.001, 0.05, 0.05, 0.001] and covariance matrix
¥ = diag(107%, 107*, 1075, 107*, 1075, 107°).

The NMPC configuration is obtained by following the
procedure detailed in Section IV. The scenario sets S;, and
S are generated using the Latin Hypercube Sampling (LHS)
[18] which produces quasi-random samples of parameter
values from a multidimensional distribution, providing better
coverage of the domain compared to random sampling. The
initial state set X is defined as:

Xo = {z0 = (px,0,Pv,0, Y0, V2,0, Vy,0,Wo) |
px,0 € [0,100] m, py,o € [0,100] m, ¢y € [—0.5, 0.5] rad,
vz0 € [5, 15] m/s, vy € [0.1, 1] m/s,
wp € [-0.1, 0.1] rad/s}.

The reference set R was generated using the same intervals
for the corresponding reference variables (position, yaw an-
gle and longitudinal velocity), ensuring that initial conditions
and targets are sampled from a consistent domain.

1) Selection of the simulation horizon 7*: For each sce-
nario s° € Sy, closed-loop simulations were performed until
the vehicle reached the reference trajectory. The simulation
horizon was set to 7 = 15.

2) Closed-loop Function Sampling campaign: The sam-
pling campaign was conducted by evaluating a set of K =
160 candidate NMPC configurations. For each configuration
@;, closed-loop simulations were performed over the finite
simulation horizon 7* and for all scenarios in S, resulting in
more than 3000 simulations. The complete design procedure
took about 40 minutes, using a laptop with processor Intel(R)
Core(TM) i7-10750H CPU @ 2.60GHz.

3) Selection of the optimal NMPC configuration: After
computing the normalized indices E,(¢) and L,(¢), the
scalar cost function Jg.(¢0) = ayjEn(¢) + (1 — ay)Ln(@)
was minimized with oy = 0.5, providing a good balance
between tracking accuracy and stability.

4) Visualization and sensitivity analysis: To illustrate the
influence of design parameters, level curve plots of the
metrics F(¢) and L(¢) were generated over the grid (T, k)
(see Figure 1).
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Fig. 1. Level curves of L(¢).

The selected NMPC configuration ¢* was first validated
on a lane-keeping scenario and compared with an alternative
configuration ¢,. Both controllers were tested on a curvi-
linear urban road, modeled by a sinusoidal path of the form
r = 8sin(0.02¢). The longitudinal velocity reference was set
to a constant value of v, o = 40 km/h. Table I summarizes
the key tracking error metrics. The results indicate that
¢* achieves marginally better lateral tracking and smaller
orientation deviations than ¢,.

TABLE I
COMPARISON BETWEEN ¢* AND ¢ .

" ba
RMS lateral error [m] 0.025 0.029
Maximum lateral error [m] 0.07 0.1
RMS orientation error [rad] 0.0005  0.00055
Maximum orientation error [rad]  0.0007 0.0012

The second validation scenario involves an obstacle-
avoidance maneuver. The obstacle is modeled as an elliptical
safety region with center coordinates (cx,cy) = (5,5) and
sizes (Ix,ly) = (1,1). As shown in Figure 2, the optimal
configuration ¢* maintained the vehicle trajectory closer to
the nominal path connecting the initial and final points, thus
minimizing lateral deviation during the maneuver.

10l Initiatl point ) L
Reference point ~
NMPC ¢, 4
sl Obstacle s y 1
Optimal NMPC ¢* P s
— — — - Nominal path s
s
= 6 . 1
f Ve
& Pl
4r - > 1
s —c
-
-
-
2 Zan T
0 "
0 2 4 6 8 10
px [m]

Fig. 2. Obstacle avoidance scenario.

VI. CONCLUSIONS

This paper has presented a finite-gain-based approach to
the stabilizing design of NMPC control systems. The main
result is a bound on the closed-loop tracking error under a
finite-step contraction condition on the trajectory-dependent
error dynamics, which makes explicit the role of the ini-
tial error, the disturbance, and the reference variation. An
offline scenario-based design procedure has been proposed
to select the prediction horizon and weighting matrices by
combining a tracking-performance index with a finite-gain
stability index computed over a finite simulation horizon. The
method has been validated on an automated-vehicle example,
where it identified a controller configuration with satisfactory
tracking and stability properties over the vehicle maneuvers.
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