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Abstract

Unmanned Aerial Vehicles (UAVs) operating in complex environments require advanced
control strategies beyond traditional linear approaches. This work presents a compre-
hensive comparative analysis of Nonlinear Model Predictive Control (NMPC) and Model
Predictive Path Integral (MPPI) control for UAV trajectory tracking, with an emphasis on
real-time implementation feasibility on embedded hardware. A modular ROS 2 frame-
work enables runtime controller selection using CasADi/Acados for NMPC and JAX for
MPPI implementations. Processor-in-the-Loop experiments on NVIDIA Jetson Orin Nano
hardware evaluate computational performance under realistic resource constraints. Results
demonstrate that MPPI achieves superior tracking performance, with an 18.6% improve-
ment in overall RMSE compared to NMPC (0.8480 m to 0.6897 m) for trajectory following.
Both controllers achieve real-time performance on embedded hardware, with GPU accel-
eration proving critical for MPPI success, enabling a 17.63 ms median computation time
versus 31.02 ms for CPU-only execution. Systematic parameter analysis reveals optimal
MPPI configurations of 40 horizon steps and 800-1250 samples for balancing performance
with computational constraints imposed by the 50 Hz (20 ms) control frequency inherent
to PX4 hardware compliance. This study validates that mainstream computational frame-
works can deliver satisfactory real-time control performance on standard robotics hardware,
significantly enhancing accessibility for practical UAV deployment while providing clear
guidelines for control strategy selection in resource-constrained applications.

Keywords: UAV control; Model Predictive Control; MPPI; real-time control; embedded
systems; GPU acceleration; trajectory tracking; ROS 2

1. Introduction
1.1. Motivation

Unmanned Aerial Vehicles (UAVs) operating in real-world environments face signifi-
cant challenges from external disturbances, including wind gusts, payload dynamics, and
aerodynamic uncertainties [1,2].

Additionally, electromagnetic interference (EMI) presents a critical challenge to UAV
control systems, as modern UAVs rely heavily on electronic components susceptible to
electromagnetic disturbances. EMI encompasses both unintentional sources (power lines,
radio frequency equipment, and on-board electronics) and intentional EMI (IEMI) involving
adversarially crafted emissions designed to compromise UAV electronics and sensors [3].
EMI can severely compromise critical subsystems, including datalink communications,
GPS navigation, and motor control circuits, potentially leading to complete loss of vehicle
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control [4]. These perturbations particularly affect trajectory tracking during aggressive
maneuvers or near performance limits, where traditional linear control approaches often
prove inadequate. This vulnerability is exacerbated by EMI-induced sensor degradation
and actuator malfunctions, posing significant concerns for advanced nonlinear control
strategies that depend on reliable feedback and precise actuator response.

Model Predictive Control (MPC) strategies have emerged as compelling alternatives
due to their ability to handle constraints, predict future system behavior, and optimize
control actions over finite horizons. However, the highly nonlinear dynamics of UAVs often
exceed the capabilities of linear MPC formulations [5], driving research toward Nonlinear
MPC (NMPC) implementations that explicitly account for nonlinear dynamics [1,6]. Impor-
tantly, these advanced control strategies must also account for the potential degradation
of control performance under EMI conditions, where sensor noise increases and actuator
response becomes unreliable. Since these EMI effects are difficult to model precisely, in
this paper they have been represented as general noise added to the ground truth posi-
tion measurements. This approach allows us to evaluate whether the trajectory tracking
performance of the predictive control algorithms deteriorates under such disturbances.

Despite these advantages, NMPC faces a fundamental computational challenge. The
algorithms rely on Sequential Quadratic Programming (SQP) or SQP-Real-Time Iteration
(SQP-RTI) solvers that offer limited parallelization opportunities [6,7]. This computational
bottleneck becomes critical when the control strategies are implemented on resource-
constrained embedded systems typical of both small and medium-sized UAVs, thus raising
the following question: which predictive control algorithm can be effectively parallelized
on real robotics hardware while maintaining real-time feasibility?

Model Predictive Path Integral (MPPI) control emerges as a promising candidate due
to its inherently parallelizable structure [8,9]. However, existing implementations reveal
significant limitations. As described in [1], the MPPI algorithm proposed in [10] requires
desktop-class hardware with GPU support. Moreover, it achieves only a 23.13 ms average
computation time and exhibits highly oscillatory control behavior. These computational
demands and control quality issues represent the primary limitations to practical MPPI
deployment on UAVs.

1.2. Problem Statement

This work addresses the critical challenge of selecting and implementing computa-
tionally efficient predictive control strategies for UAV trajectory tracking on embedded
hardware. While the UAV control literature extensively documents tracking accuracy, a
significant gap exists regarding comparative analysis of computational costs between
deterministic optimization-based approaches (NMPC) and stochastic sampling-based
methods (MPPI).

Current research suffers from three fundamental limitations:

e Implementation opacity: Published works frequently omit software packages and
implementation details, imposing limitations on verification and reproducibility, as
in[11,12].

¢  Monolithic architectures: Existing implementations usually embed the entire control
logic on the flight MCU, so every time a different strategy (PID, NMPC, MPP], ...) is
tested the firmware must be re-compiled and flashed. Besides hindering fair bench-
marking, this approach is limited by the scarce computational budget of typical
autopilot processors (e.g., STM32H7 on Pixhawk, 1-2 MB RAM), which is insuffi-
cient for NMPC and MPPI, which require hundreds if not thousands of trajectory
roll-outs per step. To address these limitations, we offload the computation of both
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predictive controllers to a companion computer mounted onboard the UAV. This
architecture enables

(i) the computing power needed for real-time NMPC/MPPI;
(ii) the possibility to select the controller at launch time through ROS 2 parameters
instead of at compile time, thus greatly simplifying A/B comparisons.

Although the additional communication hop introduces latency overhead, this dis-
tributed architecture follows established practices in UAV control systems [13,14]
and overcomes the monolithic deployments reported in [15]. The communication
latency remains acceptable for the 20 ms control period used in our experiments.
Moreover, when multi-node software architectures are used it is possible to use ROS
node composition to overcome significant overhead [16].

* Incomplete characterization: Previous studies focus predominantly on tracking accu-
racy while neglecting computational requirements and software modularity [11,17].

These limitations collectively impede the development of practical guidelines for
control strategy selection in resource-constrained UAV applications.

1.3. Related Works

Recent advances in predictive control for UAVs have demonstrated significant progress
in achieving real-time performance on embedded platforms, with distinct trajectories for
MPPI and NMPC implementations.

1.3.1. NMPC Implementations

The NMPC community has achieved broader platform compatibility, with successful
deployments across diverse embedded systems. ARM-based implementations demonstrate
control frequencies reaching up to 100 Hz on resource-constrained hardware [18]. The
software ecosystem exhibits greater maturity if compared to the MPPI implementations,
with CasADi providing significant performance improvements over MATLAB R2024b
standard predictive control toolbox [19] and Acados achieving fast performance through
structure-exploiting optimization [20]. The open-source nature of these tools, compared to
proprietary solutions like MATLAB, R2024b provides additional advantages for deploy-
ment on real UAV systems and has been a key consideration in both the NMPC and MPPI
implementations in this work.

1.3.2. MPPI Implementations

MPPI is a more recent control approach, first introduced by [8] and comprehensively
described in [9]. While still requiring a workstation-class GPU in [10,17], recent advances
in GPU acceleration have enabled embedded MPPI deployment, with [11] achieving an
onboard control frequency of 100 Hz on quadcopters using NVIDIA Jetson Orin modules.
However, their work lacks detailed documentation of the underlying software frameworks
and optimization strategies employed. While existing frameworks, such as MPPI-Generic,
offer comprehensive C++/Compute Unified Device Architecture (CUDA) libraries [12],
they require substantial low-level programming expertise, creating accessibility barriers for
researchers more familiar with high-level programming languages.

1.3.3. Research Gaps

Despite individual advances, the literature reveals a striking absence of systematic
comparative studies between NMPC and MPPI for UAV applications. Most investigations
prioritize control performance while providing minimal analysis of computational com-
plexity, memory utilization, and energy consumption—critical factors for deployment on
resource-constrained embedded systems. Additionally, software transparency issues and
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monolithic design patterns prevent the development of fair comparative frameworks and
standardized benchmarking protocols.

1.4. Contributions

This work presents a comprehensive comparative analysis of NMPC and MPPI control
strategies for UAV trajectory tracking, addressing identified gaps through a systematic
evaluation framework. Our key contributions include the following;:

1. Modular Control Architecture: We develop a unified framework where both con-
trollers operate as outer-loop trajectory trackers, generating standardized control commands
for inner-loop attitude control, maintaining clear separation of control responsibilities.

2. Transparent Implementation: Both algorithms are implemented using widely
adopted open-source frameworks within ROS 2—CasADi/Acados for NMPC and JAX for
MPPIl—ensuring reproducibility and accessibility with launch-time controller selection.

3. Comprehensive Evaluation: We provide detailed insights into the practical trade-offs
between control performance and computational requirements through Processor-in-the-
Loop (PITL) testing on embedded hardware. This includes tracking accuracy, computa-
tional overhead, and real-time feasibility. This work evaluates the performance of both
control strategies under realistic disturbance conditions, representing EMI effects as general
noise added to the ground truth position measurements.

4. Parameter Analysis: MPPI’s oscillatory behavior and computational demands
through parameter selection is systematically addressed and its performance characterized,
establishing practical deployment guidelines.

1.5. Methodology Overview

The computational framework selection demonstrates that widely adopted academic
and industrial tools can achieve satisfactory performance on standard robotics hardware.
Rather than pursuing highly optimized implementations, this approach validates that
mainstream tools and hardware like the NVIDIA Jetson can deliver real-time control
performance suitable for UAV applications.

This study employs a PITL experimental framework, where control algorithms are
executed on the target embedded hardware (NVIDIA Jetson Orin Nano) while UAV dy-
namics are simulated. This setup provides realistic computational performance metrics by
running algorithms on deployment hardware.

NMPC utilizes CasADi and Acados [20] for efficient nonlinear optimization, while
MPPI leverages JAX [17,21] for parallel trajectory sampling and automatic differentiation.
JAX’s just-in-time (JIT) compilation enables real-time MPPI performance by eliminating
Python 3.12 interpreter overhead and enabling aggressive compiler optimizations through
XLA, as demonstrated in [17]. This allows thousands of parallel trajectory evaluations to
be achieved in real time.

1.6. Paper Structure

The remainder of this paper is organized as follows. Section 2 provides a background
on UAV dynamics modeling and detailed formulations of both NMPC and MPPI control
strategies. Section 3 describes the system architecture, hardware platform, and software
implementation and outlines the experimental methodology, performance metrics, and
test scenarios. Section 4 presents comprehensive results comparing computational perfor-
mance, tracking accuracy, and real-time feasibility. Finally, Section 5 concludes with future
research directions.
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2. Background

2.1. Mathematical Model of the UAV

The UAV is modeled as a rigid body with mass m and inertia tensor | based on the

Holybro X500 quadrotor configuration (Table 1), as seen in [1,22].

Table 1. Quadrotor (Holybro X500) physical parameters used in the model.

Parameter Symbol Value
Mass m 2.0kg
Inertia (x-axis) Jsx 0.02166 kg-m2
Inertia (y-axis) Ty 0.02166 kg-m?
Inertia (z-axis) Jzz 0.04 kg-m2

The motion is described using a body-fixed frame Fp in the FLU (Forward-Left—
Up) convention attached to the UAV and an inertial frame F7 in the ENU (East-North—
Up) convention.

The UAV state comprises the position p € R? (in ENU), linear velocity v € R? (in
ENU), attitude quaternion g € R* (representing rotation from ENU to FLU), and angular
velocity w € R3 (in FLU). The dynamics are governed by the Newton-Euler equations:

p=0, 4=200 |

’ )
v=1R(@F+g w=]Yr-wx(Jw)),

where ® denotes standard Hamilton quaternion multiplication, R(g) is the rotation ma-
trix that transforms vectors from the body frame (FLU) to the inertial frame (ENU), and
F; = [0,0,Ty]T is the thrust vector in the body frame, with T}, being the collective thrust
magnitude produced by the propellers along the positive body z-axis (Up). The vector
¢ = [0,0,—9.81]7 m/s? represents the gravitational acceleration in the inertial ENU frame.
The vector T € R3 represents the control torques in the body frame, and the inertia tensor |
is defined with respect to the FLU body frame.

2.2. Control Algorithms

This section proposes the theoretical background behind the NMPC and MPPI con-
trollers, which are presented and compared in this paper. The control architecture encom-
passes trajectory controllers operating as the outer loop of the UAV control stack, thereby
sending angular rates and collective thrust commands to the inner-loop attitude controller,
as illustrated in Figure 1. The following subsections provide a detailed description of the
control strategies and the UAV dynamic model employed for the controller design.

Actuator

PX4 Inner-loop PwM

controller

> UAV Model

o
=4
a
s
=3
S
L1
°
S
2
A
3
g
A

|
\ 7
A~ LY
N q,0"
N State feedback
[pv, g7

NMPC MPPI

Figure 1. Visualization of the general control scheme. The NMPC and MPPI controllers can be
selected at launch time through a ROS 2 launch file. The outer loop is required to run at a 50 Hz
control frequency, consistent with the outer loop of the standard PX4 Autopilot [23].
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2.2.1. UAV Dynamic Model Used in the Controllers

Both controllers are predictive in nature and rely on a model of the quadrotor. This
model, while slightly different, is based on the one presented in Section 2.1 and is described
in detail below.

Following the standard Newton-Euler formulation for rigid multi-rotor platforms, the
quadrotor is modeled as follows. The state vector is

Y = {pT o7 qT}T € RO

with position p € R3, velocity v € R? (both expressed in the inertial frame), and unit
quaternion g = [qw, qx,qy,q-] ' € R* describing attitude. The control input is

T
u= {Tb wT} 6R4,

where T, is the total thrust produced by the four rotors (positive along +z;) and
w = [wy,wy,w;]" are the body-frame angular rates commanded by an inner-loop
attitude controller.

Then, the 10-state nonlinear Newton—Euler model used for the controllers is given in
Equations (2)—(4):

p=v, 2
1 0 0
o= _R(g)|0|+g g=| 0 m/s?, (©)
T, —9.81
~——
Fr

and the quaternion time derivative is

4)

where [w]y denotes the skew-symmetric matrix of w.

The rotor-induced moments and motor dynamics are handled by the inner-loop
controller. Consequently, the outer-loop model can treat the system as a rigid body actuated
by the total thrust vector T;, (expressed in the body frame) and the body angular rates
w. This separation allows the outer-loop design to focus on rigid-body motion while
abstracting away fast actuator dynamics.

2.2.2. Nonlinear Model Predictive Control—NMPC

The control is formulated by adopting the state and input definitions given in
Section 2.2.1, namely x = [p', 0", q"]T eR% and u = [T}, w]" €R%
The finite-horizon optimal control problem is

2
R

N-1 )
H)lin T ot |tk = thref

() () =
+ 2w = epn 3

s.t. Xk+1 = f(xk/ Mk),

Umin < Uk < Umax,

)

X0 = Xcurrent-
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Here f(-) is the nonlinear Newton—Euler model (3)—(4), Q, R, and P are positive
semidefinite weighting matrices, and the bounds #min, #max encode actuator limits.

2.2.3. Model Predictive Path Integral (MPPI) Control

Model Predictive Path Integral (MPPI) control was first introduced by Williams et al. [8],
with its theoretical foundations extensively analyzed in [9]. MPPI is a sampling-based
predictive control algorithm that employs Monte Carlo methods instead of gradient-based
optimization. This approach leverages principles of information theory and importance
sampling to handle general, non-convex cost functions and constraints. The theoretical
foundation stems from the connection between optimal control and statistical mechanics,
where the control problem is reformulated as finding the optimal probability distribution
over control sequences.

MPPIl is a sampling-based stochastic optimal control algorithm that solves the finite-
horizon optimal control problem

N-1
J*=min E| Y g(xeu) + p(xn) |- (6)

uoN-1 | 1=
Similarly to the NMPC formulation in Equation (5), the MPPI cost function in
Equation (6) consists of a sum of stage costs q(x, 1) and a terminal cost ¢(xy). In
the standard case, ¢(xy) can be chosen as a quadratic penalty on the final state, e.g.,
¢(xn) = ||xN — Xpe n[|3, matching the terminal cost used in NMPC. Furthermore, the cost

function (6) incorporates multiple objectives for UAV control:

q0xk 1) = e = Preiilly, + 10k — vretill,
+dg (ks Gresi) + |k — wWreskld,
+ ek + 1B, )

where d;(q1,92) represents the quaternion orientation error metric and is defined as
dq =1—{(q1,92)? where (-,-) denotes the inner product between unit quaternions g
and ¢;.

Equation (6) represents the standard MPPI cost function, consisting of a sum of stage
costs q(xg, ug) and a terminal cost term ¢(xy). In our implementation, the stage cost
component was defined as shown in Equation (7). This expression includes penalties
on position, velocity, orientation, angular velocity, and control input magnitude, all of
which are standard in trajectory tracking tasks. The orientation error is quantified using
the quaternion distance metric d; defined above. In addition to these standard terms, we
introduced a penalty on the control input rate, defined as ||Au |3z, with Auy = 1y — 1.
This regularization term is not part of the standard MPPI formulation but was found
to significantly improve control smoothness and reduce noise-induced oscillations in
practice. Such modifications are common in real-world MPPI applications, where additional
smoothing is often necessary due to the stochastic nature of the algorithm. Conversely, this
modification to the standard cost function has not been deemed necessary for the NMPC
implementation, as the deterministic nature of the algorithm inherently provides sufficient
control smoothness without requiring additional regularization terms.

The pseudo-code implementation of the MPPI controller is described in Algorithm 1.
At each control step, K control sequences are sampled by adding zero-mean Gaussian
noise €; ~ N(0,X) to the nominal control sequence from the previous iteration (lines 2-3).
The covariance matrix ¥ determines the exploration amplitude in the control space. Each
candidate sequence is constrained (line 4), forward-simulated using the system dynamics
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(line 5), and evaluated using the cost function from Equation (6) (line 6). Here, the cost
function is denoted as J; to indicate that it corresponds to the total cost associated with the
i-th sampled trajectory. Despite the change in notation, it is computed in the same manner
as the optimal cost J* defined in Equation (6), following the general formulation.

The algorithm then computes importance weights using the softmax transformation
(lines 7-8), where the minimum cost p ensures numerical stability and the temperature
parameter A balances exploration and exploitation. The optimal control sequence is com-
puted as a weighted average Uopt = }; w; - U;, where the weights w; sum to unity (line 9),
and their equation is detailed in Equation (8). Finally, the first control action ug is ex-
tracted for system application, while the remaining sequence is shifted forward to provide
warm-starting for the next iteration (line 10).

exp(~+0i—p))
w; =
Y exp(—10;—0)

Algorithm 1: MPPI control update

Data: Current state x, reference trajectory x¢, control sequence U
Result: Optimal control ug, updated sequence Unew
fori =1to Kdo
Generate noise sequence €; ~ N (0,%);
Compute perturbed control: U; = U + €;;
Clip to control bounds: U; = clip(Uj, Umin, Umax );
Forward simulate trajectory: x; = simulate(xo, U;);
Evaluate cost: J; = cost(x;, U;, Xref);
end
Compute minimum cost: p = min; J;;
exp(={i=p)/A) .
Yjexp(=(Jj—p)/A)’
10 Update control: Uopt = Y- w; - Uj;
11 Extract and shift: g = Uopt[0], Unew = [Uopt[1 : N|, Uopt[N —1]];
12 return ugy, Uyen

@® N o Ul B W N =

=]

Compute weights: w; =

The MPPI controller achieves real-time performance through JAX just-in-time com-
pilation and parallel execution of trajectory samples, with dynamics propagated using
fourth-order Runge—Kutta integration.

2.2.4. Savitzky-Golay Filter Implementation in MPPI

A significant limitation of the MPPI controller is the substantial noise in the control
input, which can cause oscillations during path tracking despite achieving a low overall
RMSE. To address this issue, a Savitzky—Golay filter is applied as a post-processing step
to the MPPI controller output within the Python 3.12 implementation. This smoothing
approach represents standard practice in contemporary MPPI implementations, where
post-processing filters are commonly employed to reduce control input noise and improve
tracking performance [24].

Figure 2 illustrates the effectiveness of this filtering approach, demonstrating the
notable reduction in control input noise achieved through the post-processing step.
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MPPI — Applied Control Inputs: Raw vs Undisturbed (0—15s Window)

” = = u[0] (Thrust) Raw (Undisturbed)
= u[0] (Thrust) Filtered

ul0] (Thrust)
(N)
s

Time (s)

’ == u[1] (Roll Rate) Raw (Undisturbed)
= u[1] (Roll Rate) Filtered

u[1] (Roll Rate)
(rad/s)

Time (s)

3 — = u[2] (Pitch Rate) Raw (Undisturbed)
= u[2] (Pitch Rate) Filtered

u[2] (Pitch Rate)
(rad/s)

Time (s)

u[3] (Yaw Rate)
(rad/s)

Time (s)

Figure 2. MPPI control inputs over 15 s trajectory execution showing the complete time series

response.

Figures 2-5 demonstrate that NMPC generally produces smoother control inputs
compared to MPPI The inherent noise in MPPI control inputs, clearly visible in Figure 2, is
attributed to the sampling nature of the algorithm.

2.3. Key Implementation Differences

Having established the theoretical foundations, the practical implementation of NMPC
and MPPI reveals fundamental differences in their computational approaches. As pointed
out in [17], NMPC employs gradient-based optimization with numerical solvers, while
MPPI uses a gradient-free, sampling-based methodology leveraging GPU acceleration.
Table 2 summarizes the key distinctions between these two control paradigms.

MPPI’s performance is critically dependent on the number of samples K, as will be
demonstrated in Section 4.2.3. While a larger sample count theoretically improves the
approximation of the optimal control by exploring more candidate solutions, the computa-
tional overhead scales linearly with K. On embedded platforms with limited computational
resources, unlike workstation-class GPUs, it is not feasible to arbitrarily increase the number
of samples to reduce the tracking error while simultaneously meeting real-time control
frequency requirements. Conversely, an insufficient number of samples leads to poor
approximation quality and suboptimal control performance. This fundamental constraint
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necessitates a careful trade-off between solution quality and computational feasibility in
real-world deployments of sampling-based control methods.

Control Inputs [0—0.8 window]

4
0 = u[0] (Thrust)

u[0] (Thrust)
(N)
3

0.0 01 02 03 0.4 05 06 07 08
Time (s)

== u[1] (Roll Rate)

u[1] (Roll Rate)
(rad/s)

0.0 0.1 0.2 03 0.4 0.5 0.6 0.7 0.8
Time (s)

= u[2] (Pitch Rate)

u[2] (Pitch Rate)
(rad/s)

0.0 0.1 02 03 0.4 05 06 07 08
Time (s)

= u[3] (Yaw Rate)

u[3] (Yaw Rate)
(rad/s)

0.0 0.1 0.2 03 0.4 05 0.6 0.7 0.8
Time (s)

Figure 3. Zoomed view of MPPI control inputs in the time window [0-0.8] s.

NMPC — Applied Control Inputs: N=20 vs N=40 (0—15s Window)

0 = N=20 (0.4s horizon)
35 === N=40 (0.8s horizon)
30
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20
15

0 a 6 8 10 12 14
Time (s)

= N=20 (0.4s horizon)
1 Nm& —— N=40 (0.8s horizon)
0
v
-1

u[0] (Thrust)
(N)

u[1] (Roll Rate)
(rad/s)

o 2 a 6 8 10 12 14
Time (s)

= N=20 (0.4s horizon)

—— N=40 (0.8s horizon)

2
A S — B A

-1 v

-2

u[2] (Pitch Rate)
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]
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e
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Figure 4. NMPC control inputs over 15 s trajectory execution showing the complete time

series response.
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NMPC — Applied Control Inputs: N=20 vs N=40 (0—0.8s Zoomed Window)

40 = N=20 (0.4s horizon)
=~ N=40 (0.8s horizon)

u[0] (Thrust)
(N)

0.0 0.1 0.2 03 0.4 05 0.6 0.7 0.8
Time (s)

—— N=20 (0.ds horizon)
. —— N=40 (0.8s horizon) |

ul1] (Roll Rate)
(rad/s)

0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8
Time (s)

=== N=20 (0.4s horizon)
—— N=40 (0.8s horizon) |

u[2] (Pitch Rate)
(rad/s)

0.0 01 0.2 0.3 0.4 0.5 0.6 0.7 0.8
Time (s)

= N=20 (0.4s horizon)
1 = N=40 (0.8s horizon)

u[3] (Yaw Rate)
(rad/s)
°

0.0 01 0.2 03 0.4 05 06 07 08
Time (s)

Figure 5. Zoomed view of NMPC control inputs in the time window [0-0.4] s for the NMPC with a
horizon of 20 steps and [0-0.8] s for the NMPC with a horizon of 40 steps.

Table 2. Comparison of NMPC and MPPI implementation characteristics.

Aspect NMPC MPPI

Optimization Deterministic optimal control Stochastic optimal control
via gradient-based methods through Monte Carlo sampling

Constraints Explicit handling of input/ Input constraints via sample
state constraints within clipping; state constraints
solver framework through cost penalties

Control Output  Smooth, locally optimal Weighted average of noisy
control sequence samples, inherently stochastic

Computation CPU-intensive with specialized = GPU-accelerated parallel
solvers (acados) computation (JAX)

Post- Direct implementation possible  Usually filtered (e.g., Savitzky—

Processing Golay) for output smoothing

These distinctions highlight a fundamental trade-off: NMPC provides structured,
smooth control through mature optimization techniques. At the same time, MPPI offers
computational flexibility and parallelization capabilities at the cost of output noise that
requires additional processing for practical deployment.

A critical advantage of MPPI over the SQP-RTI NMPC implementation used in this
work lies in its treatment of the optimization problem. Unlike gradient-based methods
that rely on successive linearization of constraints and dynamics at each iteration, MPPI'’s
sampling-based approach directly evaluates the nonlinear cost function without requiring
linearization approximations. This allows MPPI to better exploit the inherent nonlinear
UAYV dynamics and handle non-convex cost landscapes, contributing to its superior trajec-
tory tracking performance as evidenced by the 18.6% RMSE improvement presented in this
work (this result will be discussed further in Section 4.1.1).
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3. Methodology

This section presents the experimental framework used to evaluate and compare
the NMPC and MPPI control strategies. The methodology covers hardware platform
selection, Processor-in-the-Loop testbed architecture, controller implementation details,
and performance evaluation criteria.

3.1. UAV Platform

The control algorithms are implemented on a commercial UAV, the RX2 manufactured
by Mavtech Srl. While this platform shares similar characteristics with the Holybro X500
quadrotor used in the simulation, certain parameters such as mass and inertial proper-
ties differ between the two systems. However, from a mathematical standpoint, the two
platforms are effectively equivalent, as the differences are purely parametric in nature. Fur-
thermore, both systems share the same architectural design, featuring a dual computational
architecture. Given the constraints on modifying the UAV’s mechanical design, this work
focuses exclusively on the software design of the control systems, presenting the complete
design process and implementation.

Similar to many research-grade quadrotor platforms, it adopts a dual-computer
architecture [14,25]. The architecture and its schematic representation are depicted in
Figures 6 and 7, respectively. The Jetson Orin Nano, which serves as the target platform for
implementing the algorithms described in this article, is explained in detail in Section 3.2.

Figure 6. Testbench for Processor-in-the-Loop testing on the UAV’s onboard computer.

3 X UART PX4 Autopilot board
Linux-based Companion computer I
Communication
State estimation
High-level controllers UART Communication
(NMPC or MPPI) Through uXRCE-DDS UAV
Commands
Ty, w Low-level control
(Angular rate tracking)
A
State feedback
lp, v, 4"

Figure 7. Schematic describing the two-computer architecture mounted on board of the UAV.

3.2. Hardware Platform: NVIDIA Jetson Orin Nano

The NVIDIA Jetson Orin Nano represents a significant advancement in embedded
computing for robotics applications. The platform features an ARM Cortex-A78AE CPU
and integrated Ampere GPU architecture with 1024 CUDA cores, delivering up to 40 TOPS
of Al performance while maintaining power efficiency suitable for mobile platforms [26].

This system-on-module has become increasingly popular in UAV applications due
to its ability to perform real-time computer vision, autonomous navigation, and control
system computations onboard [1,11,27]. Thanks to its combination of GPU acceleration
capabilities and relatively low power consumption (typically 5-15 W), the platform is
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particularly well-suited to weight- and power-constrained UAV systems, where traditional
desktop-class processors would be impractical.

Furthermore, the native CUDA support enables efficient parallel processing of compu-
tationally intensive algorithms such as MPPI controllers, which are essential for advanced
UAV control. Previous work has demonstrated successful implementation of real-time
MPPI controllers on this platform, validating its usage in the robotics community [11].

3.3. Processor-in-the-Loop Experimental Framework

The Processor-in-the-Loop (PITL) testbed uses an NVIDIA Jetson Orin Nano compan-
ion computer. Control algorithms developed on an external workstation using Software-in-
the-Loop (SITL) are deployed and tested here.

The testbed leverages Docker containerization for seamless algorithm deployment.
This approach eliminates code modifications between development and target hardware
while preventing dependency conflicts. Due to architectural differences between devel-
opment workstations (x86) and the Jetson platform (ARM), all packages must support
both architectures. This setup validates the controller computational performance under
actual UAV hardware constraints. It provides a realistic assessment of algorithm fea-
sibility on resource-limited platforms. The PITL architecture bridges the gap between
simulation-based development and real-world deployment. Controllers are tested on the
same resource-constrained hardware used in actual flight operations.

Prediction Horizon Selection

A critical design consideration for both controllers is the selection of appropriate pre-
diction horizons that balance tracking performance with computational efficiency. While
both controllers operate at the same control frequency (50 Hz, corresponding to 0.02 s
timesteps), they employ different horizon lengths optimized for their respective algorith-
mic characteristics. The horizon selection process was performed through a systematic
performance analysis on workstation hardware to identify saturation points, beyond which
additional prediction steps yield diminishing returns. Figure 8 demonstrates that NMPC
achieves performance saturation at approximately 20 horizon steps, corresponding to
a prediction time of Tf = 0.4 s. Beyond this point, increasing the horizon length pro-
vides no significant improvement in tracking accuracy while unnecessarily increasing
computational overhead.

In contrast, MPPI requires a longer prediction horizon of 40 steps (Ty = 0.8 s) to
achieve comparable performance saturation, as demonstrated in the parameter sensi-
tivity analysis (Section 4.2.3). This difference stems from the fundamental algorithmic
distinctions between the two approaches: NMPC'’s deterministic optimization efficiently
leverages shorter horizons through gradient-based convergence, while MPPI’s stochastic
sampling benefits from extended prediction windows to adequately explore the control
space and achieve robust importance sampling convergence. Therefore, the selected hori-
zons (20 steps for NMPC and 40 steps for MPPI) represent optimal configurations that
maximize tracking performance while minimizing the computational burden for each
respective algorithm. This approach ensures fair comparison by allowing each controller to
operate at its performance-optimized configuration, rather than imposing artificial unifor-
mity that would disadvantage one or both methods. Nevertheless, an NMPC configuration
with 40 prediction steps was also evaluated to ensure a more equitable comparison between
the control algorithms.



Appl. Sci. 2025, 15,9114

14 of 30

NMPC Horizon Analysis: Tracking RMSE vs Horizon Length
(Fixed dt=0.02s)
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Figure 8. NMPC performance analysis showing RMSE saturation starting from 20 horizon steps,
justifying the selected prediction horizon length.

3.4. Controller Implementation and Configuration

Both controllers are implemented within a modular ROS 2 framework, enabling launch-
time controller selection through ROS 2 launch file parameters. This architecture ensures
fair comparative evaluation while maintaining practical deployment considerations.

The following subsections detail the specific parameter configurations and implemen-
tation choices for each controller.

3.4.1. NMPC Implementation

The NMPC controller utilizes the CasADi/Acados framework for efficient nonlin-
ear optimization. Table 3 presents the complete parameter configuration used during
experimental validation.

Table 3. NMPC controller parameters and cost weights.

Parameter Value Unit

Prediction Horizon

Control timestep (dt) 0.02 S

Prediction horizon (T¥) 0.4 (and 0.8) S

Horizon steps (N) 20 (and 40) -
Control Constraints

Thrust limits [0.0, 40.0] N

Roll/pitch rate limits [—3.0, 3.0] rads!

Yaw rate limits [-1.5,1.5] rads™!
Solver Configuration [NMPC Specific]

QP solver PARTIAL_CONDENSING_HPIPM

Hessian approximation GAUSS_NEWTON

Integrator type ERK

NLP solver SQP_RTI
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Table 3. Cont.

Cost Weight Stage (Q) Initial (Qg) Terminal (Q.) Control (R)

Position 1 x 104 1 x 103 1 -
Velocity 1x10%  1x102 1x 107! -
Quaternion 1 x 103 1 x 102 1x 1071 -
Angular rate 1 x 10! 1 1x1073 -
Thrust - - - 2 x 1072
Roll/pitch rate - - - 2 x 1071
Yaw rate - - - 2 x 1071

The NMPC formulation employs a hierarchical cost structure with different weights
for initial, intermediate, and terminal stages to ensure smooth convergence and tracking
performance. The Real-Time Iteration (RTI) scheme is utilized to maintain computational
efficiency suitable for embedded applications [20].

3.4.2. MPPI Implementation

The MPPI controller leverages JAX for GPU-accelerated parallel computation with
just-in-time compilation. Table 4 details the complete parameter configuration.

Table 4. MPPI controller parameters.

Parameter Value Unit
Prediction Horizon

Control timestep (dt) 0.02

Prediction horizon (Tf) 0.8

Horizon steps 40 -

Sampling [MPPI Specific]
Number of samples (K) 900 -

Temperature (A) 108 -
Control Constraints
Thrust limits [0.0, 40.0] N
Roll/pitch rate limits [—3.0, 3.0] rads™!
Yaw rate limits [-1.5,1.5] rads~!
Cost Weight State (Q) Control (R) Control Rate (Ryp)
Position 5 x 103 - -
Velocity 4 %100 - -
Quaternion 2 x 10! - -
Angular rate 2 x 10! - -
Thrust - 2x 1072 1x 1073
Roll/pitch rate - 2x 107! 1x1072
Yaw rate - 2 x 1071 1x 102

The controller employs stochastic sampling with 900 trajectories to explore the control
space effectively. As detailed in Equation (8), the temperature parameter (1) controls the
selectivity of the importance sampling, with the chosen value providing a balance between
exploration and exploitation. The control rate penalties help achieve smooth actuation,
while the noise scaling parameters determine the exploration magnitude for each control
channel [9].

Both controllers are configured with identical physical constraints to ensure fair per-
formance comparison and unbiased evaluation of their respective control strategies. The
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parameter tuning for both controllers was performed in the SITL simulation to expedite the
deployment process and reduce hardware testing time.

3.5. Performance Evaluation Criteria

The comparative evaluation encompasses both trajectory tracking accuracy and com-
putational performance metrics. Both MPPI and NMPC are evaluated against the timing
requirements established by the PX4 Autopilot [23], which specifies that outer-loop con-
trollers should operate at 50 Hz (corresponding to a 20 ms maximum computation time,
as indicated in both Tables 3 and 4) [28]. This real-time constraint serves as the primary
computational feasibility threshold for embedded deployment.

3.5.1. Tracking Performance Metrics

Trajectory tracking performance is quantified using Root Mean Square Error (RMSE),
computed as follows:

1 N
RMSEorar = 4| 35 2 [1P(t) = pa(ti) |2 ©)
i=1

where p(t;) represents the actual position and p,(t;) the desired position at time t;.
Component-wise RMSE values are calculated separately for each spatial dimension to
provide detailed performance analysis.

3.5.2. Computational Performance Metrics
Computational performance evaluation includes the following:

*  Computation Time Statistics: Mean, median, and 95th percentile execution times;
*  Real-time Feasibility: Which hardware implementation meets the 20 ms constraint.

3.5.3. Test Scenarios

The experimental validation employs multiple test scenarios to comprehensively
evaluate controller performance:

1. Nominal Trajectory Tracking: Three-dimensional figure-8 (lemniscate) reference tra-
jectory under ideal conditions;
2. Robustness Evaluation: Performance under realistic sensor noise conditions;

w

Dynamic Capability: Dynamic reference trajectory switching scenarios;
4. Parameter Sensitivity: Systematic analysis of key parameter effects on performance
and computational requirements.

These test scenarios offer a thorough examination of typical UAV operational condi-
tions, allowing for the systematic evaluation of the trade-offs between tracking performance
and computational efficiency.

4. Results and Analysis

This section presents a comprehensive evaluation of the NMPC and MPPI control
strategies, encompassing trajectory tracking performance under various conditions and
detailed computational analysis. The results provide critical insights into the practical
trade-offs between control accuracy and computational requirements for MPPI deployment
on embedded UAV hardware.
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4.1. Trajectory Tracking Performance

The trajectory tracking performance evaluation encompasses nominal operating con-
ditions, realistic sensor noise scenarios, and dynamic reference changes to comprehensively
assess controller capabilities under typical UAV operational scenarios.

4.1.1. Nominal Conditions

To benchmark the closed-loop tracking performance under ideal conditions, both
controllers are commanded to follow a three-dimensional lemniscate of Bernoulli (figure-8
trajectory), as depicted in Figure 9. The parametric representation is

x(t) = xc +S&.62,

14 sin“6
y(t):yc+ssmg cosGI 9:?_
1+ sin? 6

z(t) = z,

The numerical parameters are identical for both controllers:

e Centre: (xc, Yc, zc) = (0.0, 0.0, 2.5) m;

e Scale:s =50m;

*  Period: T = 15.0s (one complete figure-8 every 15 s);
e  Total simulation time: Tg;;,, = 30 s;

*  Simulation step: At = 0.02s.

The reference attitude is maintained level (¢ = 6 = ¢ = 0), encoded as unit quater-
nion g = [1, 0, 0, 0]T, with zero angular rate demands. Velocity references are derived
analytically from the trajectory definition. For each controller, tracking error is evaluated
using the RMSE metric defined in Equation (9).

The initial state is the same for both controllers in order to ensure a fair evaluation,
with the UAV starting from position py = [2.0,2.0,0.0]7 m, with zero initial velocity, level
attitude, and zero angular rates.

The comparative analysis in Table 5 highlights notable performance differences be-
tween the control methodologies. Within the NMPC framework, extending the prediction
horizon from N = 20 to N = 40 yields modest gains, as previously illustrated in Figure 8,
with an overall RMSE reduction of 4.4% (from 0.8866 m to 0.8480 m). As expected from
MPC theory, longer prediction horizons generally improve RMSE; however, in this case,
the improvement is limited and comes at the expense of increased computational time, (as
detailed in the computational analysis in Section 4.2).

Despite these improvements, MPPI demonstrates substantially superior tracking
capabilities across all spatial dimensions. Compared to the optimized NMPC configuration
(N = 40), MPPI achieves an 18.6 % reduction in overall RMSE (0.8480 m to 0.6897 m).

Table 5. RMSE performance comparison: NMPC vs. MPPL

Component NMPC (N =20) (m) NMPC (N = 40) (m) MPPI (m)
X 0.7682 0.7272 (—5.3%) 0.6126
Y 0.1760 0.1742 (—1.0%) 0.0901
Z 0.4063 0.4000 (—1.6%) 0.3039

Overall 0.8866 0.8480 (—4.4%) 0.6897
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MPPI Controller: Lemniscate Trajectory Following
Figure-8 Pattern Tracking Performance
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Figure 9. Three-dimensional visualization of lemniscate (figure-8) reference trajectory and corre-
sponding MPPI tracking performance under nominal simulation conditions.

Given this comprehensive performance analysis, MPPI emerges as the optimal control
architecture for this investigation. The algorithm’s recent development provides an oppor-
tunity to evaluate its efficacy under realistic operational conditions, including process noise
and dynamic reference variations. Consequently, MPPI has been selected as the primary
control framework for subsequent trajectory tracking assessments, leveraging its demon-
strated performance advantages while maintaining comparison against the established
NMPC methodology.

4.1.2. Noisy Conditions

To validate controller robustness, performance is evaluated under sensor noise con-
ditions that simulate realistic measurement uncertainties. The sensor noise parameters
are detailed in Table 6, employing a comprehensive stochastic model incorporating both
measurement noise and sensor bias drift, inspired by sensors usually mounted on board a
quadrotor. The sensor noise implementation includes the following.

Position Noise: Noisy position measurements are computed as follows:

Pmeas(t) = Prrue(t) + ”p(t) + bp(t) (10)

where 1, (t) ~ N (0, (7%1 ) represents white Gaussian noise and by (t) is accumulated posi-
tion bias.

The value ¢, = 0.1 m reported in Table 6 represents the standard deviation of a
continuous Gaussian noise process that corrupts all position measurements at each timestep
throughout the simulation, rather than a single perturbation applied to the initial position.
As such, it cannot be directly interpreted as a fixed percentage error relative to the starting
position. This noise modeling approach applies consistently to all sensor measurements,
which are corrupted according to the noise characteristics specified in Table 6.
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Velocity Noise: Similarly, velocity measurements are corrupted by
Umeas(t) = Z)true(t) +nv(t) +bv(t) (11)

Attitude Noise: This is applied in Euler angle space to maintain valid quaternion
representations:

[(Pr 9/ lp]noisy = [(P’ 9’ ¢]true + ”att(t) + batt(t) (12)
meas () = Euler2Quat([¢, 6, ¥]noisy) (13)

Bias Drift Model: Sensor biases evolve according to random walk processes:
by(t+ At) = by(t) +wp(t)At (14)
where wy (t) ~ N(0, Oﬁriﬁ, ol ) represents the process noise driving the bias drift.

Table 6. Sensor noise configuration for UAV simulation.

Parameter Value Units Description

Position noise (GPS) 0.1 m Standard deviation of position measurements
Velocity noise 0.05 m/s Standard deviation of velocity estimation
Attitude noise (IMU) 1.0 deg Standard deviation of attitude measurements
Angular rate noise 2.0 deg/s Gyroscope measurement noise
Measurement frequency 100.0 Hz Sensor update rate

Position bias drift 0.001 m/s Position bias drift rate

Attitude bias drift 0.1 deg/s Attitude bias drift rate

Conversely to the previous section, steady-state performance is evaluated following
the transient phase, with system convergence to the reference trajectory occurring at
approximately 2.5 s. Tables 7 and 8 present position RMSE results, focusing exclusively on
steady-state errors.

Moreover, the robustness evaluation involved tracking the identical reference trajectory
used in the previous nominal test case (Section 4.1.1), employing both MPPI and NMPC
controllers (in both horizon configurations). The key modification was the introduction of
realistic sensor noise to assess controller performance under more challenging conditions.

Table 7. MPPI post-transient RMSE with percentage degradation.

Component Undisturbed (mm) Noisy (mm) (degr. %)
X-axis 28.92 82.72 (+186.0%)
Y-axis 19.60 65.98 (+236.6%)
Z-axis 83.09 110.93 (+33.5%)
Total 90.13 153.30 (+70.1%)

Table 8. NMPC post-transient RMSE comparison for horizon lengths N = 20 and N = 40.

N=20 N =40
Component Clean (mm) Noisy (mm) (degr. %) Clean (mm) Noisy (mm) (degr. %)
X-axis 577.74 632.13 (+9.4%) 317.37 349.95 (+10.3%)
Y-axis 189.33 296.79 (+56.8%) 117.74 136.51 (+15.9%)
Z-axis 84.42 113.11 (+34.0%) 53.92 80.85 (+49.9%)
Total 613.80 707.43 (+15.3%) 342.77 384.23 (+12.1%)
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The results presented in Tables 7 and 8 suggest that MPPI offers more precise trajectory
tracking than NMPC under the tested ideal and noisy conditions. Conversely, the NMPC
exhibits greater relative robustness, as its performance degrades less significantly when
noise is introduced. This indicates a predictable response to disturbances, though it comes
at the cost of a higher baseline tracking error. Numerically, the MPPI controller’s absolute
error of 153.30 mm in the noisy scenario is considerably lower than the NMPC’s best result
of 384.23 mm. This suggests that for applications where minimizing the absolute tracking
error is the primary objective, MPPI presents a favorable performance profile.

4.1.3. Dynamic Reference Changes

To evaluate adaptability to time-varying mission requirements, the controllers’ per-
formance is tested with dynamically changing reference trajectories. The UAV initially
tracks a figure-8 trajectory before switching to a circular path at a different spatial location
att = 20 s, as shown in Figure 10.

The trajectory switch deliberately introduces a challenging scenario requiring rapid
adaptation to simultaneous changes in path geometry, spatial location, and altitude. The
circular path center is positioned to require UAV direction reversal, testing the controller’s
predictive capabilities under discontinuous reference changes.

MPPI Controller: 3D Trajectory Tracking

MPPI
RMSE: 1.176 m

m— Actual Position
== = Reference

Q start

Figure 10. UAV trajectory switching from figure-8 to circular path at t = 20 s. The blue line shows
the actual position of the quadrotor, while the dashed red line shows the reference position. For
conciseness, only the MPPI controller results are shown here, but Figure 11 presents a comparison
with the NMPC controller as well.
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Controller Comparison: Position Tracking Performance
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Figure 11. Time series data during trajectory switching at f = 20 s. Blue line shows actual quadrotor
position; dashed red line shows reference position. The yellow dotted line indicates when the
reference switches.

The quantitative analysis in Figure 11 reveals distinct performance characteristics
across the three control strategies. During the initial figure-8 phase (0-20 s), all controllers
demonstrate stable tracking performance, with MPPI achieving the lowest steady-state error.
At the trajectory switch instant (marked by the vertical dashed line), position errors exhibit
controller-dependent responses: NMPC with N = 20 peaks at approximately 9.5 m, NMPC
with N = 40 reaches about 8.0 m, while MPPI maintains the most controlled transition, with
a peak error of approximately 7.5 m.

The convergence characteristics post-switch reveal important distinctions in controller
behavior. MPPI demonstrates the fastest recovery, returning to steady-state levels (below
0.25 m) within 3 s. NMPC with N = 40 shows intermediate performance, while NMPC
with N = 20 exhibits the slowest convergence. The overall RMSE values confirm these
observations: MPPI achieves 1.176 m, NMPC N = 40 records 2.297 m, and NMPC N = 20
reaches 2.522 m.

Examining the individual axis responses, MPPI maintains superior tracking fidelity
across all three dimensions, particularly evident in the Z-axis where altitude transitions
from 2.5 m to 5.0 m are executed smoothly. These results demonstrate that while NMPC ben-
efits moderately from extended prediction horizons, MPPI's sampling-based optimization
approach provides inherently better transient response and faster adaptation to reference
changes, making it particularly suitable for dynamic trajectory tracking missions requiring
frequent maneuver transitions.

4.2. Computational Performance Analysis

This section provides a detailed analysis of computational requirements for both
control strategies, encompassing single-platform performance characteristics and parameter
sensitivity effects on computational overhead.
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The computational frameworks differ fundamentally: NMPC (CasADi/Acados,
Table 9) uses pre-compiled routines with minimal runtime overhead, while MPPI (JAX,
Tables 10 and 11) relies on JIT compilation occurring once at initialization. In practical UAV
deployment, this JIT overhead is absorbed during ground-based system initialization and
does not impact flight performance. Median computation times are reported to provide
robust performance metrics that are less sensitive to occasional computational outliers than
mean values.

4.2.1. NMPC Performance

The NMPC implementation demonstrates consistent computational characteristics
across hardware platforms, being independent of CPU/GPU computational paradigms.
This hardware-agnostic behavior significantly simplifies deployment on embedded systems
while benefiting from mature optimization frameworks.

Table 9. Computational time statistics for NMPC implementation.

Platform Mean Median 95th %ile
(ms) (ms) (ms)
Workstation PC (N = 20) 0.76 0.74 0.96
Workstation PC (N = 40) 1.56 1.48 1.94
Embedded Hardware (N = 20) 5.76 5.60 6.69
Embedded Hardware (N = 40) 10.98 10.38 13.14

Table 9 presents computational time statistics across both hardware platforms. The
NMPC approach exhibits substantially faster computation times compared to the MPPI
implementation, with excellent predictability demonstrated by low standard deviation
values. The CasADi/Acados framework provides mature optimization capabilities suitable
for embedded deployment.

4.2.2. MPPI Performance (CPU vs. GPU)

MPPI computational performance is critically dependent on hardware acceleration
capabilities. The following analysis compares CPU and GPU implementations across
workstation and embedded platforms to quantify the impact of parallel processing on
real-time feasibility.

Workstation Performance (CPU: Intel Ultra 7 165H/GPU: Nvidia RTX 2000)

Table 10. MPPI algorithm performance comparison—workstation PC.

Metric CPU GPU
Mean (ms) 14.97 3.60
Median (ms) 14.00 2.53
95th Percentile (ms) 19.98 2.88
Meets 20 ms Target Yes Yes

Speedup (Median) — 5.53x

Embedded Hardware Performance (CPU: 6-core Arm Cortex-A78AE/GPU: NVIDIA Am-

pere 1024 CUDA cores)



Appl. Sci. 2025, 15,9114

23 of 30

Table 11. MPPI algorithm performance comparison—]Jetson Orin Nano.

Metric CPU GPU
Mean (ms) 31.02 26.40
Median (ms) 29.15 17.63
95th Percentile (ms) 30.71 18.35
Meets 20 ms Target No Yes

Speedup (Median) — 1.65%

The results demonstrate that GPU acceleration is essential for MPPI real-time perfor-
mance on embedded hardware. While workstation hardware provides sufficient computa-
tional resources for both CPU and GPU implementations, the embedded platform requires
GPU acceleration to meet the 20 ms real-time constraint.

JIT Compilation Overhead

Initial computation times include JAX just-in-time compilation overhead, with GPU
compilation requiring additional CUDA kernel generation. However, as indicated in
Tables 10 and 11, subsequent iterations demonstrate substantial performance improvements,
making the initial compilation cost acceptable for practical deployment.

The computational statistics in Tables 10 and 11 exclude the initial JIT compilation
times from Table 12, as these represent one-time initialization overhead. Speedup calcula-
tions use median values for robust comparison against occasional computational outliers.

Table 12. MPPI first computation time (including JIT compilation)—workstation.

Implementation First Computation Time (ms)
CPU 704.89
GPU 1800.29

Discussion on GPU Speedup

The performance improvement gained from GPU acceleration is highly variable and
not a fixed value. The actual speedup depends on numerous factors, including the un-
derlying hardware architecture, the specific CPU and GPU models, and the nature of the
computational task. For our MPPI implementation, this speedup fluctuates significantly
based on algorithmic parameters. For instance, Figure 12a illustrates how the speedup
changes with the prediction horizon, while Figure 12b shows its dependency on the num-
ber of samples. As demonstrated in Tables 10 and 11, the speedup varies considerably
between hardware architectures, with workstation systems achieving a 5.53x improvement
compared to 1.65x on embedded platforms. While performance gains may be more modest
on embedded systems compared to high-end workstations, GPU implementation often
remains crucial for achieving the real-time performance demanded by complex control
algorithms on resource-constrained hardware.

4.2.3. MPPI Parameter Sensitivity Analysis

This work presents a systematic evaluation of key MPPI parameters for real-time
UAV trajectory tracking applications. The analysis examines the critical trade-offs between
sample batch size and prediction horizon length in order to identify the optimal configu-
ration that balances tracking accuracy with computational constraints. All experimental
validation is conducted on embedded UAV hardware using the Jetson Orin Nano platform.

Note: RMSE values in this analysis are elevated compared to Section 4.1.1 due to
shorter simulation durations used for computational efficiency during parameter sweeps,
which include proportionally more transient behavior.
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Figure 12. Performance comparison between GPU and CPU implementations of MPPI across different
parameter configurations. (a) GPU speedup compared to CPU implementation of MPPI at varying

values of N horizon steps. (b) GPU speedup compared to CPU implementation of MPPI at varying
values of K samples.

Horizon Length Analysis: Figure 13 illustrates the relationship between prediction
horizon length and both tracking performance and computational cost. The results demon-
strate sharp RMSE improvement from 20 to 30 timesteps, followed by a performance plateau
between 30 and 40 steps. This indicates diminishing returns for longer prediction windows.

Beyond horizon 50, slight performance degradation occurs, suggesting that overly
long horizons introduce prediction uncertainties. Considering the 20 ms computational
constraint shown in the figure, a horizon length of 40 steps emerges as optimal. This config-
uration achieves competitive accuracy (RMSE ~ 0.92 m) while maintaining computation
time around 17 ms.

Sample Size Analysis: Figure 14 reveals non-monotonic performance characteristics
with respect to sample count. The RMSE initially degrades around 400 samples due to
insufficient exploration. Performance then progressively improves toward 1650 samples
through better importance sampling convergence. However, the 20 ms constraint shown in
the figure limits the practical sample size to approximately 800-1250 samples.
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MPPI: Horizon Length Analysis (samples=900)
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MPPI: Sample Size Analysis (horizon=40)
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Temperature Parameter Effects: The temperature parameter A controls exploration—
exploitation trade-offs through the weighting function (detailed implementation in
Section 2.2.3):

__exp(=(i=p)/A)
wi = g
Limiexp(=(J;j = p)/A)

As demonstrated in Figure 15, lower temperature values improve RMSE performance

(15)

by focusing on optimal trajectories but increase control input noise. Higher values maintain
exploration diversity while producing smoother control signals. The Savitzky—Golay filter
(Section 2.2.4) addresses this trade-off effectively.

MPPI: Temperature Analysis (samples=900, horizon=40)
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Figure 15. Effect of MPPI temperature parameter on control performance.

4.3. Real-Time Feasibility Assessment

This section summarizes the computational performance results, providing clear
guidance on the feasibility of real-time deployment of both control strategies on embedded
UAYV hardware.

NMPC Real-time Characteristics:

e  Consistent sub-15 ms performance on Jetson Orin Nano;

¢  CPU-only deployment, thus not dependent on GPU acceleration;

. Predictable computational overhead with low variance;

*  Excellent safety margins for real-time operation (for 50 Hz control rate).
MPPI Real-time Characteristics:

*  Requires GPU acceleration for embedded deployment;

¢ 17.63 ms median computation time (GPU) vs. 29.15 ms (CPU);

*  Parameter-dependent performance requiring careful tuning;

*  JAXJIT compilation provides significant optimization.
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Deployment Recommendations:

1.  NMPC: Suitable for platforms with limited GPU capabilities and applications requir-
ing predictable computational overhead;

2. MPPI: Requires modern embedded platforms with GPU support; optimal for tracking
performance-critical applications;

3. MPPI Parameter Selection: Chosen configuration to comply with the 50 Hz com-
putational limit (i.e., execution time below 20 ms) imposed by the PX4 hardware:
40 horizon steps, 800-1250 samples, temperature A = 10°.

Both controllers successfully achieve real-time performance on the NVIDIA Jetson
Orin Nano, validating the feasibility of advanced predictive control strategies on standard
embedded robotics hardware. Figure 16 provides a decision framework for practitioners
to select the appropriate control strategy based on their specific platform capabilities and
performance requirements.

Legend:

Decision Points
» NMPC Controller
@ MPPI Controller
@ Parameter Details

Selection

l

[ UAV Control Strategy ‘

NMPC Controller

|

+ Sub 15ms performance
+ CPU only deployment
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Platform has GPU acceleration?

+ 17.63ms median (GPU)

MPPI Controller + Requires JAX JIT compilation
+ Parameter-dependent performance
+ Superior tracking accuracy

v

+ JAX JIT compilation required for speed

- GPU acceleration mandatory for real-time

+ Parameter tuning affects both accuracy and timing
- Consider computational safety margins
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Horizon Length Selection Temperature Selection
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- 20-30 steps: Sharp RMSE improvement
- 30-40 steps: Performance plateau

- 40 steps: Optimal (0.92m RMSE, 17ms)

- >50 steps: Degradation due to uncertainty

 Low A: Better RMSE, more noise

* High A: Smoother control, more exploration
+ A = 10% Optimal trade-off

. Use Savitzky-Golay filter for smoothing

+ <400; Insufficient exploration
+ 400-800: RMSE degradation

+ 800-1250: Optimal range (20ms limit)
+ >1650: Better convergence but slow

Figure 16. Decision tree for UAV control strategy selection and MPPI parameter configuration based
on platform capabilities and real-time constraints.

5. Conclusions and Discussion
5.1. Key Findings and Performance Analysis

The experimental results demonstrate several critical insights for predictive control
implementation on embedded UAV systems. MPPI showed promising trajectory track-
ing performance, with an 18.6% improvement in overall RMSE compared to NMPC at
equivalent horizon lengths (0.6897 m vs. 0.8480 m). When comparing NMPC performance
across different horizons, extending from N = 20 to N = 40 yielded a modest 4.4% im-
provement in overall RMSE, though MPPI maintained its performance advantage. While
MPPI showed poorer computational performance, the execution times remained within
acceptable safety margins for real-time operation, suggesting its potential viability for UAV
control applications.

However, the robustness analysis revealed important performance trade-offs
(Tables 7 and 8). Although MPPI maintained better absolute tracking accuracy under
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noisy conditions (153.30 mm vs. 384.23 mm RMSE), NMPC demonstrated significantly
superior robustness, with only 12.1% performance degradation compared to MPPI's 70.1%
degradation when sensor noise was introduced. The dynamic reference tracking eval-
uation (Figure 11) confirmed MPPI's advantages in transient scenarios, showing faster
convergence and better overall performance during trajectory switches from figure-8 to
circular paths.

5.2. Technical Contributions

This works makes the following contributions to the UAV control research community:

Framework Accessibility: We demonstrated that widely adopted academic and in-
dustrial computational frameworks—CasADi/Acados for NMPC and JAX for MPPI—can
deliver satisfactory real-time performance on standard robotics hardware without requiring
highly specialized implementations. This finding significantly enhances accessibility and
reproducibility for the broader research community.

Modular Architecture: The developed ROS 2 architecture enables runtime controller
selection through launch parameters, facilitating rapid prototyping and seamless integra-
tion of future control algorithms. This design addresses a critical gap in the literature,
where controller implementations are often monolithic and difficult to modify.

Comprehensive Evaluation: Unlike previous studies that focus primarily on tracking
accuracy, this work provides a detailed analysis of computational overhead and real-time
feasibility—factors critical for deployment on resource-constrained embedded systems.

Transparent Implementation: Both algorithms are implemented using open-source
frameworks with complete parameter disclosure, ensuring full reproducibility and enabling
fair comparative evaluation.

5.3. Practical Implications

The results provide valuable guidance for practitioners implementing predictive
control on UAV platforms. The demonstrated effectiveness of standard computational
frameworks on commercially available embedded hardware reduces barriers to adoption
and enables rapid deployment of these control strategies in real-world applications.

On the MPPI side, the parameter sensitivity analysis and optimal configuration guide-
lines enable engineers to make informed trade-offs between control performance and com-
putational requirements based on specific mission constraints and hardware limitations.

5.4. Future Research Directions
Several promising research avenues emerge from this work:

Environmental Robustness: Extending the comparative analysis to include disturbance
rejection capabilities under realistic wind conditions and varying atmospheric disturbances.

Platform Scalability: Evaluating performance on more resource-constrained platforms
with limited or no GPU capabilities, potentially including ARM-based processors and
FPGA implementations, such as other NMPC works.

Learning-Enhanced Frameworks: Integration of learned dynamics models within
both frameworks to address model uncertainties and unmodeled dynamics, particularly
relevant for UAV operations in complex environments.

Electromagnetic Attack Resilience: Investigation of IEMI attacks on IMU sensors
and development of hardened quadrotor designs with electromagnetic shielding. Recent
research [3] demonstrates that medium-power electromagnetic attacks can significantly
compromise sensor performance, indicating the need for integrated hardware protection
mechanisms in future UAV platform designs.
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This study establishes a foundation for selecting and implementing computationally
efficient predictive control strategies for UAV applications, offering clear guidance on
framework selection, parameter tuning, and hardware requirements for real-time trajectory
tracking in practical deployment scenarios.
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