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Abstract— We propose PRED-MPPI, the first MPPI variant
that seamlessly integrates real-time disturbance preview and
adaptive discretization for quadrotor tracking control under
significant model inaccuracies and time-varying disturbances.
Unlike prior MPPI variants (e.g., £1-MPPI, DA-MPPI), which
assume constant or matched disturbances, PRED-MPPI lever-
ages a high-order Generalized Extended State Observer for
disturbance preview and a Variable Discretization Grid (VDG)
to reduce computation and control variance. The synergy
enables real-time (50 Hz) quadrotor control under time-
varying and mismatched disturbances. Extensive comparative
simulation and real-world Crazyflie experiments demonstrate
substantial performance gains. In AirSim simulation, PRED-
MPPI reduces computation time by over 30%, and mean RMSE
by 10.3%, 13.5%, and 14.6% compared to baseline MPPI,
and by 2.59%, 3.62%, and 5.80% compared to DA-MPPI
across three representative scenarios. In real-world Crazyflie ex-
periments, for ground-effect-disturbed hovering, PRED-MPPI
reduces mean and standard deviation (Std) of X-Y plane error
by 14.2%/17.9% and 6.03%/21.6% compared to MPPI and DA-
MPPI; for fan-induced wind experiments, PRED-MPPI yields
improvements of 23.4%/36.8% and 13.8%/25.0% in RMSE
and tracking error Std. These results establish PRED-MPPI as
the first disturbance-preview MPPI achieving real-world UAV
robustness and efficiency, paving the way for deployment on
resource-limited robotic platforms. GitHub page with videos is
at https://pred-mppi.github.io/

Index Terms— Disturbance-aware Control, Disturbance Pre-
view, MPPI, Real-time Control, UAV Control

I. INTRODUCTION

Model Predictive Path Integral (MPPI) control has become
a powerful framework for robotics tasks such as path plan-
ning, locomotion, and trajectory tracking, owing to its ability
to exploit GPU parallelism and flexibly incorporate diverse
prediction models and cost functions [1], [2]. However, as a
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sampling-based variant of Model Predictive Control (MPC),
its performance depends heavily on the accuracy of the
surrogate model representing real dynamics. Unmodeled ef-
fects, parameter uncertainties, and external disturbances can
degrade prediction fidelity and limit robustness in real-world
disturbance-rich applications [3]. A motivating example is
a small quadrotor flying close to the ground and under
unknown wind. The UAV experiences mismatched, time-
varying disturbances from both ground effect and unknown
airflow, which cannot be handled by standard MPPI [1], £;-
MPPI [4], or DA-MPPI [5].

Addressing such uncertainties has long been a focus of
disturbance rejection control [6], [7]. Key challenges in-
clude unmodeled dynamics (e.g., UAV ground effect), un-
measurable parameters (e.g., aerodynamic coefficients), and
unknown external disturbances (e.g., wind) [8]. While refined
modeling and learning-based identification have advanced
[9], [10], these approaches are generally computationally
intensive, limiting their real-time applications. Alternatively,
lumped disturbances can be estimated online and utilized
accordingly, as in Disturbance Observer (DOB)-based MPC
[11], [12] and L;-adaptive MPC [4].

However, most state-of-the-art (SOTA) DOB-augmented
strategies are tailored to explicit optimization-based MPC
frameworks rather than sampling-based methods such as
MPPI in this study, preventing them from fully exploiting
GPU acceleration and flexible costs [2]. In addition, many
employ simple feedforward disturbance compensation under
the strong assumption that mismatched disturbances can
be inherently suppressed by low-level controllers [4]-an
assumption that often fails in disturbance-rich environments.
In practice, disturbances are frequently both time-varying and
mismatched, making their rejection within the MPPI frame-
work a non-trivial challenge and a critical open research gap.

Building on the SOTA DA-MPPI framework [5], we
propose PRED-MPPI, the first MPPI variant to integrate real-
time disturbance preview via a Generalized Extended State
Observer (GESO) [13] into the trajectory sampling process.
In parallel, a Variable Discretization Grid (VDG) strategy
[14] allocates finer temporal resolution early in the hori-
zon and coarser resolution later, reducing computation time
and control input variance without compromising accuracy.
This combination enables effective rejection of time-varying,
mismatched disturbances while further improving MPPI’s
computational efficiency.

The framework is validated in both high-fidelity AirSim
simulations and real-world Crazyflie quadrotor experiments.



To the best of our knowledge, PRED-MPPI is the first MPPI
variant that simultaneously integrates disturbance preview
and adaptive discretization, and demonstrates their synergy
on real UAV hardware, the detailed contributions are sum-
marized in threefold:

(1) PRED-MPPI framework: First integration of dis-
turbance preview into MPPI, enabling robust control
under time-varying and mismatched disturbances.
Adaptive discretization: Incorporation of VDG into
MPPI trajectory rollouts to reduce computation and
control variance while maintaining accuracy.
Comparative validation: Extensive comparative sim-
ulation and real-world Crazyflie experiments show su-
perior tracking accuracy and robustness over baseline
geometric PD controller, MPPI, DA-MPPI and their
VDG-enhanced variants.

Together, these advances position PRED-MPPI as a prac-
tical, high-performance control framework for real-time,
disturbance-rich robotic applications, bridging robust distur-
bance rejection with the computational efficiency needed for
deployment on resource-constrained platforms.

2)

3)

II. RELATED WORK
A. MPPI in Robotics

Advances in parallel computing, particularly GPU acceler-
ation via CUDA, have facilitated the adoption of variational
inference-based MPC methods such as MPPI and the Cross-
Entropy Method in diverse robotic domains, including au-
tonomous driving [15], bipedal locomotion [16], and robotic
manipulation [17]. These methods offer high flexibility in
system modeling, cost design, and optimization while main-
taining computational efficiency. The seminal MPPI work
[18] demonstrated significant speedups in multi-agent navi-
gation (9 quadrotors, 144 states), proving its scalability for
high-dimensional problems.

Since then, MPPI variants have been developed to over-
come practical challenges. For example, [19] achieves ag-
gressive off-road driving by embedding a detailed first-
principles model with residual dynamics. [20] employs a
learning-based generalist dynamics model for MPPI, en-
abling agile control across heterogeneous wheeled robots.
Other work (e.g., diffusion-MPPI [21]) improves robustness
and precision by adapting the sampling distribution within
rollout dynamics [22]. While these studies showcase MPPI’s
adaptability, they generally focus on model fidelity and sam-
pling efficiency, with less emphasis on disturbance rejection
in sampling-based MPC.

B. Disturbance-Aware Predictive Control

Robust predictive control methods often incorporate dis-
turbance compensation to improve tracking accuracy and
resilience, ranging from simple feedforward schemes to
disturbance-augmented prediction models and preview-based
approaches [6]. For instance, [23] uses feedforward wind
disturbance compensation in explicit MPC for small heli-
copters. [11] augments the prediction model with constant
disturbance estimates, while [12] incorporates disturbance
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TABLE I: Comparisons of representative MPPI algorithms. Bold
blue indicates our proposed method.

Methods Mismatched Dis Type Grid Experiment
MPPI - - Constant v
L1 MPPI X Constant Constant Ve
DA-MPPI v Constant ~ Constant X
PRED-MPPI v Generic  Variable v

Open Gap (before our work): No MPPI handles time-varying, mis-
matched disturbances with variable grids and hardware validation.

Mismatched: supporting mismatched disturbance or not; Dis Type: con-
stant or generic disturbance; Grid: constant or variable discretization
grids in the prediction horizon.

preview to improve offset-free MPC under time-varying
conditions.

By contrast, disturbance-aware MPPI has seen limited
exploration. Existing approaches, such as [24], [25], adopt
conservative robust control strategies with single-degree-of-
freedom paradigms. Active disturbance rejection in MPPI
remains rare. Notably, [4] proposes an £;-adaptive MPPI for
agile quadrotor flight, but it relies on feedforward compensa-
tion and assumes mismatched disturbances can be suppressed
by low-level controllers-an assumption that frequently breaks
down in disturbance-rich environments.

Table I summarizes representative MPPI variants, com-
paring their disturbance entry type (supporting mismatched
or not), disturbance type, discretization strategy, and experi-
mental validation. As shown, existing methods handle either
matched disturbances or constant disturbance, and none com-
bine generic disturbance with variable discretization grids
in a framework validated with hardware experiment. This
gap motivates the proposed PRED-MPPI, which integrates
generic disturbance preview and variable-grid rollouts, and
validates them in simulation and real-world experiments.

C. Model-Based Quadrotor Control

Quadrotor control has inspired various model-based strate-
gies to mitigate modeling inaccuracies [26]. [27] introduced
a geometric controller on the SE(3) manifold for globally
stable trajectory tracking. [8] enhances nonlinear MPC with
residual dynamics for improved landing performance. Recent
efforts balance computational efficiency and safety, such
as combining variational inference MPC with reachability
analysis [28]. Our work advances this line by extending
the DA-MPPI framework with a high-order GESO for dis-
turbance preview and a VDG for computational efficiency.
This integration with experimental validation enables PRED-
MPPI to address time-varying, mismatched disturbances
while reducing computational load and control variance, a
capability not present in prior MPPI quadrotor controllers.

III. MODELING AND PROBLEM FORMULATION

We consider a simplified quadrotor UAV modeled as a
rigid body with four identical rotors mounted at the ends
of orthogonal arms. The rotors generate thrust force (f)
and angular velocity (£21.3) in body frame, collectively
represented as the control input w, as seen in Fig. 1. The



UAV motion evolves on the special Euclidean group SE(3),
where translation describes the center of mass trajectory in
the inertial frame and rotation describes the attitude of the
body-fixed frame relative to the inertial frame. We denote
the inertial frame by {ej, es, e3} and the body-fixed frame
by {bi1,bs,bs}, both defined as right-handed coordinate
systems. The total thrust vector is aligned with bs. The
nominal dynamics of the quadrotor can be expressed as,
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Fig. 1: Coordinate and dynamics of the Crazyflie Quadrotor

p="v,
mv = fRes — myes, (1)
R = RQ,

where p, v, R, and € denote quadrotor position, velocity,
orientation, and angular velocity. m is the vehicle mass, and
Q is the skew-symmetric matrix of 2. In practice, the control
input w is mapped to the target angular velocity commands
uq.4 for the low-level rotor speed controller. Following the
Crazyflie platform', we define the control vector as u =
[f, 1, Q2, Q3]T, where Qy, Qs, Q3 represent roll, pitch, and
yaw angular velocities in body frame.

In real-world operation, aggregate disturbances, arising
from unmodeled aerodynamics, internal parameter uncer-
tainties, or external perturbations such as wind, inevitably
introduce discrepancies between the nominal model and
actual quadrotor dynamics, as depicted in Eq. (2) with the
lumped disturbance d(t) in position channel. For instance,
deviations in the estimated mass m or tracking errors from
the low-level motor controller can significantly affect the
performance of the attitude loop. In such cases, relying solely
on feedforward disturbance compensation in the position
controller is insufficient, since the applied correction in
the acceleration channel is aligned with bs and cannot
fully capture inertia-induced discrepancies. Moreover, many
model-based predictive controllers assume that disturbances
remain constant over the prediction horizon, which leads
to accumulated prediction errors and weakens disturbance
rejection capability.

p=v,
. f
v = —Res — ges +d(t),
o res ges (t) )
) Ah(R,u)
R = R}

! As noted in the Crazyflie community and confirmed in our experiments,
directly commanding motor PWM signals leads to instability due to the
limited bandwidth, delay, and packet drop rate of wireless links. Hence, we
employ thrust and body-frame angular velocities (cmdvel) as control inputs.
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The problem under consideration is to track a reference
trajectory using MPPI with the simplified quadrotor nominal
model under complex and time-varying disturbances d(t)
while satisfying state and input constraints.

IV. METHODOLOGY

A. Disturbance Preview

In Section III, we analyzed quadrotor dynamics under
aggregated disturbances, as formulated in Eq. (2). Prior
work such as [4] incorporates disturbance compensation
into MPPI via a feedforward scheme, but relies on the
fragile assumption that mismatched disturbances can be
indirectly mitigated by the low-level attitude controller. DA-
MPPI [5] advances this by embedding disturbance estimates
directly into the MPPI prediction model; however, it assumes
disturbances remain constant over the prediction horizon.
While this simplification may hold under slow or near-
stationary disturbances (d = 0), predictive fidelity degrades
significantly under time-varying disturbances.

To effectively address time-varying disturbances, we in-
corporate a disturbance preview mechanism into MPPI by
exploiting disturbance derivative information and applying
Taylor expansion within the receding horizon. This enables
more accurate disturbance modeling and preview (predic-
tion), thereby enhancing robustness against time-varying,
mismatched disturbances. The disturbance preview in the
prediction horizon is given as below.

d(t+7) = d(t) + d(t) - 7 + Ra(t)

where d(t) and d(t) denote disturbance and disturbance
derivative at t, and higher-order disturbance terms are omitted
and denoted as Ra(t). Estimating d(t) and d(t) via observer
technique is presented below.

For generality, and given that positional dynamics are
most affected by the first two terms in Eq. (2), we adopt a
high-order GESO [29], formulated in Eq. (3). This observer
provides disturbance and disturbance derivative estimation
with guaranteed convergence (see, [29] for proof), while
maintaining robustness to noise in partially measured states.

=0+ Li-(p-P),
=h(R,u)+di+ Ly (p—p),
d1:d2+L3-(p—ﬁ),
C32:[/4'(1)—13)

where L; (i 1,2,3,4) are observer gains based on
pole placement or bandwidth approach, P, D, dy and ds
are estimated position, velocity, lumped disturbance and its
derivative, p is the measurement of position.

Once the disturbance and its derivative have been esti-
mated as dl,dg, the disturbance preview module can be
conveniently formulated as d(t + 7) = dy + dy - 7 within
the MPPI rolling dynamics in Eq. (2).

Remark 1. In real-time applications, GESO’s order in (3)
can be further adjusted to balance estimation accuracy and
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(a) Standard Uniform Discretization Grids

(b) Input Variable Discretization Grids

Fig. 2: Comparison between uniform and variable discretization grids: VDG allocates finer steps early (higher sensitivity) and coarser
steps later (lower sensitivity), reducing variance while maintaining accuracy.

computational efficiency [29]. Note that excessively high-
order estimators may impose additional estimation burdens,
thereby degrading convergence performance.

B. Variable Discretization Grids

Standard multiple shooting predictive control methods
adopt a uniformly discretized grid in prediction horizon to
formulate the optimal control framework. Nevertheless, the
standard uniform grid partition lacks the consideration of
the increasing model discrepancy within prediction horizon,
wasting precious computation resources in the inaccurate
bracket namely [t4,...,ty| in Fig. 2a. Accordingly, it is
intuitive to obtain that future disturbance information has
a diminishing influence on the current control input [12].

Therefore, we utilize a variable discretization grid (VDG)

depicted in Fig. 2b for better computational efficiency. Not-
ing the total number of time steps in VDG formulation as
M, it follows that Zfil At = Z;‘il At; = T, where
H is the original number of time steps and T denotes the
prediction horizon. Reducing the number of time steps not
only significantly decreases the computation time but also
reduces the variance of the weighted sum of control inputs, as
demonstrated in [30]. Statistical ablation studies, as presented
in Sec. V-B, further validate the effectiveness of the proposed
VDG approach in reducing both computation time and the
variance of tracking error.
Remark 2. Complexity Analysis: Baseline MPPI requires
O(N - H) rollouts, where N is the number of sampled
trajectories and H the uniform horizon length. PRED-MPPI
reduces this to O(N - M) with M < H by adaptive
discretization, achieving significant computational savings
without loss of fidelity.

C. PRED-MPPI Framework

Building on the disturbance preview mechanism in Sec-
tion IV-A and the VDG strategy in Section IV-B, we propose
the PRED-MPPI framework. As illustrated in Fig. 3, PRED-
MPPI integrates the GESO for disturbance preview and the
VDG strategy for computational efficiency. Together, these
components enable accurate compensation of time-varying,
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mismatched disturbances while maintaining tractable online
computation. MPPI employs importance sampling to gener-
ate an optimal control sequence. Within this context, consider
the deterministic finite-horizon optimal control problem,

M—1
11}111]2 J(ur:pm) = z; cn(@i, w;) + cp(zn)
1=

“4)
s.t. Tit+1 = f(x“uz)

Ci (l’i, ui) <0

where M is the number of VDG adjusted time steps, cy, :
R™ x R™ — R>g and ¢y : R™ — R>( denote running cost
and terminal cost.

Note that within the context of sampling-based MPC, the
hard constraints in the optimization problem (4) are typically
relaxed into soft constraints by embedding them into the cost
function. f : R™ x R™ — R™ characterizes the dynamics
(e.g., Eq. (1) or (2)), and ¢; : R™ x R™ — R, represent
states/input constraints. At every time step, the classical
MPC solves Eq. (4) in a receding-horizon manner through
optimization. However, its performance, which depends on
certain formulations like sequential quadratic programming,
deteriorates when Eq. (4) is highly non-convex due to the
nonlinearity of dynamics f or non-convex cp,cy and c;.

In the PRED-MPPI framework, sensor-based position
measurements are first processed by the GESO, generating
state estimates p (position), v (velocity), disturbance and its

derivative estimates d, d. These estimates are subsequently
fed into the disturbance-aware rolling dynamics (2) in MPPI
to compute the optimal control inputs f and €2, which
are subsequently transmitted to the low-level controller on
the Crazyflie platform to convert the control inputs into
the angular velocities of the four rotors. To ensure smooth
control performance, the MPPI framework is formulated by
sampling the derivative of the control input,

up = up_1 + Auy, Au}; ~ N(0,3), 5)
X, Auj - cap(— T

Sy ep(— R0

Auy, (6)
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Fig. 3: PRED-MPPI integrating disturbance preview into MPPI rolling dynamics with variable discretization grids.

We utilize the numerically nonzero importance sampling
weight in Eq. (6) to achieve numerical stability, where [ is
the minimum cost among N rollout trajectories, and A > 0 is
the temperature weight commonly used in stochastic control.
A smaller A\ could induce more centralized output, e.g.,
Auy, = argmin(J(ul)) as A — 0.

V. COMPARATIVE VALIDATION

In this section, both simulations and experiments are
conducted through Crazyflie trajectory tracking to validate
the algorithm and answer the following questions:

® (Q; Can the VDG strategy enhance computational effi-
ciency of the MPPI optimization process while main-
taining algorithmic performance?

To what extent can PRED-MPPI outperform the MPPI
and DA-MPPI under complex disturbances despite
simplification in model-based trajectory sampling?

° Q>

A. Experimental Setup

We evaluate the proposed controllers in both simulation
and real-world experiments. In simulation, experiments are
conducted in the AirSim environment using the same param-
eter settings as [5]. The control architecture is implemented
in PyTorch on a laptop equipped with an NVIDIA RTX 3060
GPU, running at a control frequency of 50 Hz, while the
GESO module operates at 200 Hz. We evaluate performance
on three representative trajectory primitives, zig-zag, lem-
niscate, and square, subjected to ramp-type disturbances that
emulate time-varying external perturbations.

In hardware experiments, ground-truth states and position
observations are obtained through Virtual-Reality Peripheral
Network communication with a four-camera motion capture
system (ChingMu MC1300). Exogenous wind disturbances
are introduced using a miniature fan, as shown in Fig. 3.
We consider two scenarios for concept validation: trajectory
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tracking in the presence of ground effect and circular trajec-
tory tracking under fan-induced unknown time-varying wind
disturbances.

Following [5], the prediction horizon is set to H = 10,
representing the marginal threshold for stable quadrotor
control in this setup. The number of sampled trajectories
is fine-tuned to N = 600, ensuring compatibility with
the 50 Hz control rate for the baseline MPPI controller.
For the VDG strategy, the discretization grid is configured
as [1,1,1,2,2,3], whose sum matches the horizon length
H =10, thereby achieving finer resolution in the near term
and coarser resolution in later steps.

B. Simulation evaluation

To answer Q1, we execute each designed trajectory for 20
times, where the statistical results in terms of computation
time and control performance are shown in Figs 4, 5 visually
and Table II quantitatively.

(1) Fig. 4 shows that MPPI leveraging VDG reduces com-
putation time by over 30% thanks to the reduction in
the number of sampled control inputs (or equivalently
number of decision variables in classical MPC [14]).

(2) Box plot 5 and Table II indicate that integrating
VDG in MPPI could reduce the variance of tracking
error by 31.1%, 56.8% and 47.5% in three scenarios.
This improvement stems from the reduced stochastic
noise due to fewer sampled inputs, consistent with the
analysis in [30].

To answer @2, we compare the trajectory tracking perfor-
mance of MPPI baseline, MPPI+VDG, DA-MPPI+VDG and
the proposed PRED-MPPI in three representative scenarios.
The controllers’ loss function is formulated as,

H

g}lg J(:D, v,0, ¢, ’lp) = Z(qw ) eg:e:c + Qv - ez;ev %
' =1

+qw¢T¢+f2+qQQTQ+qCC(9a¢aU))
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Fig. 4: Average computation time with varying numbers of sampled
trajectories for MPPI with and without VDG strategy.

where 60, ¢, are quadrotor pitch, roll and yaw angle in
body frame, c(0,¢,u) = clamp(0,F) + clamp(¢, §) +
clamp(f,(0,0.5886)) is soft constraint limiting pitch and
roll angle within %, and thrust f within O to 0.5886N. The
parameters are set to g, = 520, ¢, = 30,¢qy = 50,qq = 0.3
and ¢. = 600. The following observations can be drawn.

(1) As in Fig. 5, the proposed PRED-MPPI demonstrates
superior performance against the classical MPPI,
MPPI+VDG and DA-MPPI+VDG with reduced mean
RMSE, particularly in the Lemniscate tracking exper-
iment due to its smooth and tractable trajectory.

(2) Quantitative analysis in Table II further supports these
findings, indicating that the PRED-MPPI reduces mean
tracking error in terms of RMSE by 10.3%, 13.5% and
14.6% across three representative scenarios over the
MPPI baseline. These results imply the advantages of
incorporating disturbance preview and VDG into MPPI
rolling dynamics.

(3) Compared to DA-MPPI+VDG, the proposed PRED-
MPPI enhances the performance by 2.59%, 3.62% and
5.8% in terms of mean tracking error, which verifies
the effectiveness of disturbance preview.

1.0
E MPPI
[ MPPI+VDG
B DA-MPPI+VDG
0.8 LL ii] BN Proposed PRED-MPPI
I Ty
g T
=0.6
=
~
0.4
1
L - 1=
0.2 " .
Square Lemniscate Zig-zag

Fig. 5: Box plots of RMSE for three typical scenarios. The center
line indicates the median, the box height represents the interquartile
range (IQR).
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TABLE II: Tracking error statistics in ground effect experiments
(lower is better). Best in blue bold, second-best in gray .

Scenario ~ Metric MPPI MPPI+VDG DA-MPPI+VDG PRED-MPPI
s Mean  0.839 0.831 0.773 0.753
quare Std 0.061 0.051 0.044 0.038
Lommiscare Mean 03801 0.780 0.719 0.693
emmiseate giq 0.095 0.041 0.039 0.042
Jioa Mean 0323 0319 0.293 0.276
18-2ag Std 0.080 0.042 0.043 0.037

C. Real-World Crazyflie Experiments

1) Ground Effect Experiments: In this experiment, the
altitude reference is set to p, = 0.5 m to induce a pronounced
nonlinear ground effect. Moreover, the quadratic relationship
between thrust force (f) and PWM command (0-65535) is
approximated as linear within the controllers, introducing
additional input uncertainty. The cost functions of MPPI
framework are the same as Eq. (7), with the parameters set
to g, = 70,¢, = 15,9y = 12,90 = 0.3 and ¢g. = 600.
For comparison, we evaluate six representative algorithms
including the geometric SE(3) PD controller [27], base-
line MPPI [1] (with/without VDG strategy), DA-MPPI [5]
(with/without VDG strategy), and the proposed PRED-MPPI.

e
n

<
~

<
o

I With VDG
[ Without VDG

X-Y Plane Distance (m)

0

MPPI DA-MPPI

Fig. 6: Violin plots represent the distance to (0,0) in X-Y plane of
the baseline controllers W/WO VDG strategy. The center dash line
indicates the median, the dash dot line represents the IQR, and the
colored zone is the distribution.
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Fig. 7: Crazyflie altitude response under six control schemes, where
dash dotted line at 0.5m denotes the target hovering height.



(a) PRED-MPPI experiments results

(b) Baseline MPPI experiments results

Fig. 8: Comparison between baseline MPPI and the proposed PRED-MPPI under fan-induced wind disturbance.

(1) Asin Fig. 6, integrating VDG with baseline controllers
suppresses output noise, reducing both the mean and
variance of the X-Y displacement distribution. Specif-
ically, for MPPI, the mean/variance decrease from
0.352/0.089 to 0.302/0.073, while for DA-MPPI they
reduce from 0.232/0.088 to 0.218/0.069. These results
provide a concrete answer to Q1.

Fig. 7 shows that disturbance-unaware controllers (e.g.,
geometric PD, MPPI, and MPPI+VDG) fail to main-
tain the target altitude at p, = 0.5m due to ground
effect and input uncertainties, whereas the disturbance-
aware controllers (e.g., DA-MPPI, DA-MPPI+VDG,
PRED-MPPI) successfully achieve the target. In partic-
ular, the proposed PRED-MPPI obtains the best results
in terms of smoothness and tracking error.

A detailed comparison of their disturbance-rejection ca-
pabilities is presented in the subsequent trajectory-tracking
under fan-induced unknown wind to better answer Q2.

2) Fan-induced Wind Experiments: In this experiment, as
shown in Fig. 8, the trajectory reference is set as a circle p2 +
(py — 1)? = 12,p, = 0.6m with linear velocity v, = 1m/s
in X-Y plane. Moreover, the exogenous wind disturbance
is generated by a tiny fan as in Fig. 3, with maximum
wind speed of 2.8m/s in our experiments. Simultaneously, the
Crazyflie quadrotor experiences nonlinear gust disturbances
as it approaches the wall (illustrated in Fig.8 and the y >
1.5m zone in Fig. 10), with input mapping uncertainty and
candidate controllers as described in Section V-C.1. These
combined highly nonlinear disturbances introduce substantial
uncertainty. The comparative results are shown in Figs. 9, 10
and Table III. The following observations can be drawn.

2

TABLE III: Tracking error statistics in circular trajectory under
wind (lower is better). Best in blue bold, second-best in gray .

Scenario Metric  PD MPPI DA-MPPI PRED-MPPI
) RMSE  0.167  0.153 0.137
Without VDG g4 0.144  0.149 0.096
. RMSE 0.154 0.131 0.118
With VDG Std 0.114 0.081 0.072

(1) It follows from Figs. 9, 10 that the proposed PRED-
MPPI consistently outperforms the baseline con-
trollers. Compared to the DA-MPPI controller, PRED-
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Fig. 9: Comparative circular trajectory tracking results of 6 con-
trollers under fan-induced unknown time-varying wind.

—— MPPI
—— Geometry PD —— MPPI+VDG —— DA-MPPI+VDG

Reference —— DA-MPPI —— PRED-MPPI

Fig. 10: Comparative circular trajectory tracking results in X-Y
plane under fan-induced time-varying wind disturbances.

MPPI effectively predicts wind speed variations in-
duced by the changing distance to the fan, thereby
enhancing disturbance rejection capability.

Table III shows that the PRED-MPPI achieves 9.92%
and 13.8% reductions in RMSE over DA-MPPI W/WO
VDG, while also reducing the tracking error standard
deviation by 11.1% and 25.0%.

Compared to the baseline MPPI controllers W/WO
VDG, PRED-MPPI yields improvements of 23.4%
and 22.9% in RMSE, along with 36.8% and 51.6%
reductions in tracking error standard deviation.

2

3)

These comparative quantitative results clearly demonstrate
the superior performance of the proposed PRED-MPPI in
terms of computation and tracking performance.



VI. CONCLUSIONS

This paper introduces PRED-MPPI, the first disturbance-
aware and computationally efficient MPPI that integrates a
Generalized Extended State Observer for disturbance pre-
view and a Variable Discretization Grid strategy for effi-
cient trajectory rollouts. By jointly leveraging disturbance
preview and adaptive discretization, PRED-MPPI effectively
handles time-varying and mismatched disturbances while
reducing computational burden and control variance. Exten-
sive comparative AirSim simulation and real-world quadrotor
experiments validate the approach, demonstrating consistent
improvements in robustness, accuracy, and efficiency over
baseline MPPI, DA-MPPI, and their VDG-enhanced variants.
These results establish PRED-MPPI as a disturbance-preview
MPPI scheme that achieves reliable real-world quadrotor
control at real-time rates. Future research will pursue the
following directions progressively:

)
(ii)
(iii)
(iv)

[1]

[4]

[6]

[7]

[8]

[9]

[10]

rigorous theoretical analysis of stability and conver-
gence under variable discretization;

fully onboard deployment on resource-constrained
UAVs to demonstrate practical autonomy:

integration with generative samplers, such as diffusion-
based models, to further improve sample efficiency;
broader deployment across heterogeneous robotic plat-
forms, moving toward scalable and safety-critical appli-
cations in real-world environments.
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