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PA-MPPI: Perception-Aware Model Predictive Path
Integral Control for Quadrotor Navigation in
Unknown Environments

Yifan Zhai, Rudolf Reiter, and Davide Scaramuzza

Abstract—Quadrotor navigation in unknown environments is
critical for practical missions such as search-and-rescue. Solving
it requires addressing three key challenges: path-planning in
non-convex free space due to obstacles, satisfying quadrotor-
specific dynamics and objectives, and exploring unknown regions
to expand the map. Recently, the Model Predictive Path Integral
(MPPI) method has emerged as a promising solution that
solves the first two challenges. By leveraging sampling-based
optimization, it can effectively handle non-convex free space while
directly optimizing over the full quadrotor dynamics, enabling the
inclusion of quadrotor-specific costs such as energy consumption.
However, MPPI has been limited to tracking control that only
optimizes trajectories in a small neighbourhood around a refer-
ence trajectory, as it lacks the ability to explore unknown regions
and plan alternative paths when blocked by large obstacles. To
solve this issue, we introduce Perception-Aware MPPI (PA-MPPI).
Here, perception-awareness is characterized by planning and
adapting the trajectory online based on perception objectives.
Specifically, when the goal is occluded, PA-MPPI’s perception
cost biases trajectories that can perceive unknown regions. This
expands the mapped traversable space and increases the likeli-
hood of finding alternative paths to the goal. Through hardware
experiments, we demonstrate that PA-MPPI, running at 50 Hz,
performs on par with the SOTA quadrotor navigation planner
for unknown environments in our challenging test scenarios. In
addition, we demonstrate that PA-MPPI can be used as a safe
and robust action policy for navigation foundation models, which
often provide goal poses that are not directly reachable.

SUPPLEMENTARY MATERIALS
@¢ Video: https://youtu.be/DNUK2gUcVIM

I. INTRODUCTION

NABLING quadrotors to navigate to a goal in unknown

environments autonomously is critical for practical mis-
sions such as search-and-rescue, infrastructure inspection, and
exploration [1]-[3]. It is also relevant for the safe deployment
of navigation foundation models, which provide navigation
waypoints or goals in previously unseen environments [4],
[5]. Achieving this capability requires addressing three key
challenges: (i) non-convex constraints: cluttered environments
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Fig. 1: The Perception-Aware MPPI (PA-MPPI) controller navigating to the
goal pose while avoiding obstacles in a previously unknown environment. The
controller simultaneously controls the quadrotor at 50 Hz and optimizes the
perception objective based on an online-updated 3D map constructed from
onboard observations.

create non-convex free space, which complicates gradient-
based optimization; (ii) quadrotor-specific dynamics and costs:
planned trajectories must satisfy dynamic feasibility while
optimizing costs such as effort and energy; and (iii) mapping
in unknown environments: since the environment must be
mapped online using onboard perception, successful naviga-
tion must incorporate exploration and mapping of unknown
regions to find a feasible path to the goal.

A common approach is a hierarchical planner—controller
architecture [6]-[10], where a global planner computes tra-
jectories subsequently tracked by a local controller. However,
this separation often results in conservative, or dynamically
infeasible plans, as quadrotor models and related costs and
constraints need to be approximated [11].

Model Predictive Path Integral (MPPI) control has recently
emerged as a promising alternative. By employing sampling-
based optimization, MPPI can navigate non-convex and non-
smooth free space in the presence of obstacles while directly
optimizing control inputs on quadrotor-specific dynamics and
costs [12], [13]. However, MPPI has been largely confined
to following reference trajectories, demonstrating only limited
local optimization near the reference, as it lacks both global
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map awareness and the capability to explore unknown areas
and plan successful trajectories.

In this work, we introduce the Perception-Aware Model Pre-
dictive Path Integral (PA-MPPI) controller, tightly integrated
with a perception and mapping module, to afford standard
MPPI with the capability of navigating unknown environments
without external references. This is achieved by extending
standard MPPI with perception awareness, characterized by
adapting control inputs and trajectory optimization based on
both current and future perception of the environment [2], [14],
[15]. Using the current map of the environment, PA-MPPI
introduces a novel perception cost that evaluates sampled
trajectories based on their potential to perceive unknown
regions in the goal direction, thereby guiding the optimized
trajectory to map unknown regions that lead to the goal.

We validate PA-MPPI in simulated and real-world experi-
ments, demonstrating that perception-awareness enables MPPI
to navigate through complex, unknown environments with
performance comparable to SUPER [10], the current state-
of-the-art planner for safety-assured quadrotor navigation in
unknown environments.

Our contributions are threefold:

+ Novel Perception-Aware MPPI Formulation: We pro-
pose a cost function that exploits the current environment
map to guide trajectory optimization toward frontiers that
help perceive unknown regions towards the goal, allowing
MPPI to navigate without external references.

« Integrated Framework: We present an integrated frame-
work that tightly couples sensing, mapping, and a high-
performance MPPI implementation, running at 50 Hz for
real-time quadrotor control.

« Hardware-in-the-Loop Validation: Our experiments
show that PA-MPPI performs comparably to the current
SOTA planner, SUPER [10]. We further demonstrate
that using PA-MPPI as the action policy enables robust
deployment of navigation foundation models.

II. RELATED WORK

Obstacle Avoidance in Cluttered Environments. In clas-
sical sense-think-act architectures, a high-level planner is
responsible for more complex objectives and generates a
safe trajectory, which is then passed to a fast lower-level
controller [11], [16]. Often, planners operate in a discrete
or low-dimensional control/state space, for example, using
graph search [6]-[8] or rapidly exploring random trees [9].
However, with a reduced state or control space, trajectories are
suboptimal and conservative, and the hierarchical decomposi-
tion introduces an interaction between the controller and the
planner. In particular, the novel perception-awareness requires
a cost associated with orientation that cannot be accounted for
in classical higher-level planners, such as those in [11], [16].

Optimization-based approaches often simultaneously
plan safe trajectories and control the actuators. However,
optimization-based motion planning in the presence of
obstacles is challenging due to the induced nonconvexity
and nonsmoothness [17]-[22]. The authors in [18], [20],
[21] propose efficient algorithms for ellipsoidal or cubic

obstacles, and [I] shows a real-world implementation for
Unmanned Areal Vehicles (UAVs). However, such derivative-
based formulations typically rely on smooth functions,
which can be difficult to obtain directly from raw depth
observations in complex, highly non-smooth environments.
To circumvent this, [23] generates a number of candidate
reference trajectories, and assigns cost based on collision
and proximity to the goal. However, the optimization that
generates the candidates does not consider actuation limits,
which requires additional checks and potentially multiple
iterations of relaxation and re-optimization.

Beyond optimization-based approaches, learned depth-
camera-based policies have shown sufficient navigation per-
formance when trained end-to-end from visual inputs. The
authors in [24] demonstrated high-speed flight in real-world
environments using policies trained in simulation. More re-
cently, vision transformer-based policies have been explored
for end-to-end quadrotor obstacle avoidance using onboard
computation [25]. While such approaches improve the closed-
loop cost disregarding collisions, they often lack the safety-
relevant explicit constraint handling and adaptability to new
environments provided by optimization-based methods.

Perception-Aware Navigation. A growing number of works
integrates perception objectives directly into planning and con-
trol, either to acquire task-relevant information or to maintain
estimation quality. Perception-aware Model Predictive Control
(MPC) aligns the robot’s viewpoint with features to maxi-
mize visibility during challenging maneuvers [2], [14], [26].
Information-theoretic surrogates such as Fisher Information
Fields provide differentiable maps for actively choosing infor-
mative viewpoints [27], [28]. In exploration and inspection,
planners explicitly reason about localization uncertainty to
select safe, observable trajectories [3].

The research direction of our work treat unobserved space
as potentially blocked or even hazardous within partial maps,
thus requiring its goal-targeted exploration [6], [17], [18]. The
high-level planners in [17], [18] enforce perception aware-
ness along an optimistic trajectory by monitoring potentially
hazardous regions, while [6] plans to explore the frontier
of unknown space via a Dijkstra graph-search. The current
state-of-the-art planner, SUPER [10], simultaneous plans a
exploratory trajectory, guided by A* graph-search in both free
and unknown space for exploration and high speed flight,
and a backup trajectory in known free space for emergency
stops. As these ideas typically resort to a separate planner,
they motivate our use of perception-driven costs in a single
controller that rewards the line of sight to the goal and prevents
motion into unknown regions, with a focus on highly cluttered
environments obtained from depth images.

Algorithms for Model Predictive Control. In the follow-
ing, the proposed perception-aware Model Predictive Path In-
tegral (MPPI) algorithm is motivated, which extends classical
MPPI [29] by a perception cost.

a) Derivative-based MPC.: When objectives and con-
straints admit smooth approximations, derivative-based MPC
offers strong local convergence and tight constraint handling.
Progressive smoothing and continuation strategies have been
proposed to navigate nonconvex obstacle costs [21], con-
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ceptually paralleling equal to annealing in sampling-based
MPC [30]. A recent approach proposed an algorithm with
an external active set solver for cluttered point-cloud ob-
stacles [31], which achieves a feasible average but has an
ample worst-case computation time. Still, in settings where,
in addition to obstacles represented by raw depth maps, the
cost functions are also highly nonsmooth, constructing reli-
able differentiable surrogates remains challenging. Sampling
methods showed superior performance in these settings [32].

b) Sampling-based MPC.: Sampling-based MPC meth-
ods, such as MPPI, optimize control sequences by Monte Carlo
rollouts instead of using local gradients, making them attrac-
tive for nonconvex, nonsmooth objectives and dynamics. The
most straightforward but largely inefficient random shooting
method purely randomizes actions [33]. The Cross Entropy
Method (CEM) [34] iteratively refines a distribution toward
high-performing controls via an elite-only update and has been
widely adopted as a trajectory optimizer and within model-
based RL pipelines [35]. MPPI control [29], [36], [37] uses all
samples via weighting to iteratively refine an trajectory [38].
MPPI has recently been pushed to demanding robot platforms,
including agile UAVs [12] and whole-body locomotion [30],
[39]. However, these works rely on external references, such
as a reference quadrotor trajectory or quadruped walking gait
joint position reference. PA-MPPI, on the other hand, enables
reference-free navigation via the novel perception-aware cost.

III. PRELIMINARIES

A. Notation

We introduce two reference frames: W, the fixed world
frame, whose z-axis is gravity-aligned, and B, the quadrotor
body frame, whose x-axis aligns with the onboard camera’s
principal axis. In this paper, vectors and matrices are written
in bold, with matrices indicated by capital letters. Each vector
carries a subscript specifying the frame in which it is expressed
and its endpoint. For instance, pwp € R3 denotes the position
of the body frame B relative to the world frame W, and Rwp
denotes the rotation from frame B to W. We use y;.y € RV
for the vectorization of vectors y1, ..., yn, with y; € R™. The
quaternion algebra is H and ¢ € H; := {g € H| |||q|| = 1}.

B. Model Predictive Control

Given an environment, often formulated as a Markov de-
cision process (MDP), with the states € R"~, controls u €
R™, a stage cost [ : R"™> xR — RU{oo}, a discount factor vy,
and a stochastic model P : R"™* x R™ — Dist(R"~), MPC
provides a means to yield nearly optimal (sufficiently subopti-
mal) controls by solving an approximated implicit version of
the MDP online, local at the current state & € R"~, cf. [40]
for details. MPC typically uses a simplified deterministic
model f : R™ x R™ — R™, possibly simplified stage
cost £ : R™ x R™ — R and an approximation V : R — R
of the optimal value function V : R"™ — R. Moreover, an
open-loop trajectory wop.p—1 with open-loop states x; € R~
actions u; € R™ and horizon H is optimized, instead of

Fig. 2: Illustration of the control stack. The perception and mapping module
has three parts: (1) a point cloud is generated from the rendered depth image
and transformed to the world frame, (2) the ROG-Map [42] updates the
occupancy map with the new point cloud, and (3) the ROG-Map is converted
to a JAX array as input to PA-MPPL

a policy. The resulting single shooting MPC optimization
problem is therefore

H-1
min V(xg;p) + Z t(Tr, uk; p)

u “ (D
with  ®o =5, Trs1 = f(xp,uk), 0 <k < H,

where constraints are approximated in the value and cost
function. We denote the dependency of the cost function on
external parameters, such as obstacle parameters or the goal
by p € R",. Unlike gradient-based algorithms for solving the
MPC problem (1), which typically rely on first or second-
order derivatives, MPPI uses Monte Carlo sampling-based
optimization. Despite the initial derivation of MPPI control
for the stochastic system [29], [36], [37], it is often used for
the deterministic counterpart (1), where noise is added as part
of the optimization algorithm [41].

IV. METHODOLOGY

A graphical overview of the integrated control stack is
shown in Fig. 2. As illustrated, PA-MPPI receives an oc-
cupancy grid from the perception module and optimizes a
trajectory as control sequences, which are directly executed
by the quadrotor. The proposed PA-MPPI algorithm utilizes
a quadrotor dynamics model, as described in Sect. IV-A.
A detailed description of the MPPI formulation is given in
Sect. IV-B. The perception and mapping part, and the cost
definition are detailed in Sect. IV-C and [V-D, respectively.

A. Quadrotor Dynamics

In addition to the quadrotor’s position pw g, we define orien-
tation, and linear velocity in the world frame by qwp € H;, and
vwg € R3, respectively, and the quadrotor’s angular velocity
in the body frame by wp € R3. The collective thrust and
the corresponding thrust vector in the body frame are defined
asc=cy+...+cn, and cp = [O 0 c]T, where c¢; is
the thrust generated by the i-th of N, motors. The quadrotor
mass is m and gw is the gravity vector in the world frame.
Finally, the diagonal moment of inertia matrix is J € R3*3,
and the body torque is 7 € R. The quadrotor dynamics can
then be expressed as

Pws VwB

. |aws| _ $A(wp) - qws

T=|. = . 2)
UWB qws © cp/m + gw
wp J‘l('rB—waJ-wB)
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The lowest-level flight controller tracks the zero-order hold
PA-MPPI control u, = [c; wB,,]T. To ensure a feasible
total thrust and body rate at each timestep, we follow the
single motor thrust clipping in [12], using the motor thrust
limits to acquire clipped control input «?, which is then used
by PA-MPPI to simulate the dynamics (2) via forward Euler
integration.

B. MPPI formulation

In the MPPI framework, at each timestep k, N parallel
trajectories of H steps are sampled by adding multivariate
Gaussian noise to the nominal control input ;%" . The
perturbed control sequences u',’ck g b= 1,...,N, are then
rolled out from the quadrotor state x; using the model (2).
Each sampled trajectory a:fc k+p 18 then evaluated by summing
the per-step costs £/ = ¥4 ¢(z!, u)) + V(x),). The op-
timized control sequence is calculated using the exponentially
weighted average based on the summed cost

N Jj _ pmin
. exp (—%)

wiu! w’/ = —
k:k+H-1° N Jj — S min
Zj:] exp (_%)

Uk:k+H-1 =
j=1

i

where LM is the lowest summed cost out of the N rollouts,
and A is the temperature parameter. A low A assigns higher
weight to the best-performing rollout, while higher values
assign more uniform weights to all rollouts [38]. The first
action of the averaged sequence is then executed, and the
optimization process repeats in the next time step.

Recent works [12], [30], [43] have shown success in de-
coupling the prediction time step Size Afped, and the control
step size Atep. With Afpreq > Ateq, the policy rollouts can
predict over a longer real-time horizon for the same number
of forward simulation steps, allowing optimization of actions
further into the future. Since the optimization loop executes
the first action at control frequency and the actions in the
sequence are spaced by Afprq, to reuse the remaining actions
as u™™ for the next iteration, the control sequence is linearly
interpolated and shifted by Afq, then down-sampled at Afpreq.

While the terminal value V function should in principle
resemble the optimal value function and account for a recursive
feasible safe set, cf. [40], we only consider a simple terminal
hovering safe set with zero velocity and resort to a long enough
planning horizon to diminish its influence on the open loop
cost.

C. Perception & Environment Mapping

We use a depth sensor on the quadrotor to continuously
build a 3D map of the environment during navigation. From
each depth image, we reproject a point cloud into the world
frame using the camera pose. The point clouds are then
inserted into a ROG-Map [42], which efficiently aggregates
all past observations into a 3D occupancy grid representation,
in which each voxel has one of three states: occupied, free, or
unknown, with integer values {1, 0, —1} respectively. Formally,
the 3D occupancy grid is defined as G € {-1,0, 1}XX¥YxZ,
We denote by G(pwpg) the operation that looks up the voxel
corresponding to position pwp and returns its value. The
mapping pipeline is capable of processing depth images and

updating the occupancy grid at 50Hz for a 5 X 5 X 2m grid
with a voxel resolution of 0.1 m.

D. Optimization Cost Definition
At each timestep k within the planning horizon H, k =
0, ..., H—1, the stage cost of (1) for the navigation task consists
of the following terms:
Coal = —Cgoul * max (0.0, dy — dy)
ggoal,H—l = —Cgoal,H-1 * max(0.0, do - dH—l)
bact = lullk + |Aull%,,
byl = exp(—cyer - dy) - [lvi|”

fprogress = —Coprogress * ”pWB,i — PWB,i+1 “
Ceollision = Ceollision * L{G(pwg)#0}»
fperception = cpol + (1 = (Xwa, Cigoal))2 : ]l{lldgoa1\|>cthresh}
+ Coccupied * L{g(r(1*))=1}
+ Cunknown * L{G(r(r*))=—1}
and the quantities:

5 dgoal
dgoal = d P
| | goal||

d; = ”pWB,i _pgoaIHs

Xwp = Rwp - e;.

The terminal value function is V(x) =
Csafe]l{”’UWBH>2}V”wBH>£’ with bounds v and w, and a
large penalty cgf to account for safe set (hovering).

The stage costs have two distinct phases: when the goal is
not within the direct line of sight of the quadrotor, as shown in
Fig. 3a, to encourage exploration, the cost is £ = €eoa1+Lgoal, 7 +
gact"'fcollision+€perceptiony with Cgoal = 0.125 and Cgoal, H-1 = 10;
when the goal is within the direct line of sight, as shown
in Fig. 3b, to quickly reach the goal and hover, the cost is
t= fgoal + Cact + Leollision + fprogress + lyel, With Cgoal = 5.0. The
goal cost €01 €ncourages getting closer to the goal compared
to the starting position of the current horizon. For the last step
of the horizon k = H — 1, an additional cost {01, 5—1 1S given
to weight the end position of the horizon more, similar to the
intermediate point cost in [23]. This prevents greedy behavior
and allows the policy to detour and go around obstacles if
that brings the policy closer to the goal in the end. The action
cost €, penalizes the magnitude and change in control inputs,
similar to the implementation in [12]. The velocity penalty
{vel encourages the quadrotor to slow down near the goal, and
the progress cost fpmgress encourages fast movement when a
straight line path to the goal is available.

The collision cost €copision 1S @ binary value weighted by
a large constant ccollision. The indicator function 1{gpy )0}
returns 1 if the quadrotor’s current position lies outside the
set of free voxels defined in Section I'V-C. This large penalty
enforces the quadrotor not only to avoid collisions with known
obstacles but also to refrain from entering unknown regions,
which is critical for ensuring safety when navigating in un-
known environments.

The perception cost, €perception, consists of two compo-
nents. The first, weighted by cpo1, encourages alignment of
the quadrotor’s x-axis (coinciding with the depth camera’s
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Goal Position

Quadrotor
Position

(a) Given only one depth observation, there is no position in known free space
that has a direct line of sight to the goal. Trajectories receive a reward for
exploring unknown regions (blue trajectories) or a penalty for facing obstacles
(red trajectories).

(b) After moving to a new position while mapping the environment,
there is a direct line of sight from the current position to the goal, and
the second-phase cost is active, encouraging the quadrotor to directly
reach the goal, and the perception cost is not assigned anymore.

Fig. 3: A top-down visualization of the ray-tracing in perception cost calcu-
lation, showing the occupied voxels (red), free voxels (green), and unknown
voxels (blue), and sampled trajectories on which ray-tracing is performed.

principal axis) with the direction of the goal position (point
of interest), thereby maximizing the goal’s visibility within
the image frame [2], [14]. As the quadrotor approaches the
goal (distance below cnresh), this term becomes inactive. The
last two terms in €perception represent two mutually exclusive
cases of the quadrotor position with respect to the mapped
region of the environment. We define a ray that starts from the
quadrotor position pwpg and ends at the goal position pgoa as:
T(t) = pwp +1 - dgoa, 0 <t < 1. Since pwp is constrained to
the known free space due to the collision cost, there exists a
t* such that the ray either exits the free space at an obstacle
or unknown space, as shown in Fig. 3a. If »(¢*) lies in an
occupied voxel, a cost coccupied 1S assigned. If r(¢*) falls in
an unknown voxel, then it suggests an exploration frontier
towards the goal is present, and a negative cost Cynknown 1S
given. When there is a direct line of sight from the current
position to the goal, the second-phase cost is active, as there
is no need for exploration, and no perception cost is assigned.
As illustrated in Fig. 3, this ray-tracing term favors sampled
trajectories that either explore unknown regions when the goal
is blocked by obstacles (Fig. 3a) or move directly toward
the goal when possible, cf. Fig. 3b. This design enables

TABLE I: PA-MPPI parameters.

MPPI param. Cost definition constants
N 17,500 | cpos 2.5 | cvel 5.0
H 15 | cy 1.0 | cunknown -4.0
4 0.02 | ccottision  15.0 Coccupied 2.0
Atpred 0.1s | cpor 50| R diag(0.01, 0.025, 0.025, 0.2)
Ater 0.02s | Cthresh 0.5 | Ra diag(0.02, 0.05, 0.05, 0.05)

the PA-MPPI controller to exploit map information, allowing
it to plan around obstacles and efficiently explore unknown
space. For the implementation of ray tracing, we adopt the
3D Digital Differential Analyzer (DDA) algorithm [44], which
does not require a signed distance field representation of the
environment. Due to the high computational cost, ray tracing
is performed at the last step, k = H — 1, of the open-loop
trajectory.

V. EXPERIMENTS

To evaluate the performance of PA-MPPI without consid-
ering the effect of other modules in the control loop, such as
depth sensor noise or imperfect state estimation, we conduct
simulated and hardware-in-the-loop (HIL) [45] experiments.
In the HIL setting, we use a motion capture system to acquire
the ground truth state of the quadrotor, and the Flightmare
simulator [46] to render depth images in real time. The PA-
MPPI controller is implemented in JAX and integrated into the
Agilicious control framework [45], running on a laptop with
an i7-13800H CPU with 64GB RAM and a NVIDIA A1000
laptop GPU with 6GB VRAM. The quadrotor used has a mass
of 0.21kg and arm length / = 19.4 cm, with propeller radius
of 3.81 cm and a thrust to weight ratio of 6.8.

Two sets of experiments are conducted. The first consists
of navigating synthetic scenes of varying difficulty (Fig. 4)
to quantitatively evaluate the performance of PA-MPPI. Ro-
bustness of PA-MPPI is also investigated by injecting wind
disturbances during navigation. The second consists of in-
door navigation scenes from the Habitat Matterport dataset
[47], using goal poses proposed by a navigation foundation
model [4] to demonstrate an example usage of PA-MPPI as
the action policy for a Vision-Language-Action (VLA) model
in unknown environments. A list of PA-MPPI parameters are
provided in Table I. As in our experiments, the weight of the
terminal safe set cg,fe barely had an influence, we set it to zero.

Synthetic Scene Experiment. To quantitatively evaluate the
performance of PA-MPPI, we design three scenes for naviga-
tion. The first is a C-shaped wall of varying sizes, a challenging
obstacle against greedy policies. The second is a hole in a wall,
similar to manholes that quadrotors must navigate through
during ship inspections [48]. The third scene consists of four
walls that the quadrotor must navigate past, which tests path-
finding capabilities and precise control through narrow gaps
of 0.5m. The difficulty of each scene is parametrized by
the size of the obstacles w (each difficulty tested 5 times)
or the diameter of the holes r (5 random locations, each
tested 2 times), as shown in Fig. 4. We validate the sufficient
difficulty of the scenes by first showing that a gradient-based
trajectory optimization algorithm, EGO-Planner [22], fails to
solve the tasks at harder difficulties. As shown in Fig. 5,
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(a) C-wall (w =3.0m) (b) Hole (d = 0.5m)

(c) 4-Wall (w = 1.5m)

Fig. 4: Synthetic scenes for navigation experiments. The goal pose for each
task is always 3m ahead of the initial pose, with three types of obstacles
in between: a C-shaped wall (a), a wall with a hole (b), and four walls (c).
The most challenging setting for each scene is illustrated here, with example
successful trajectories depicted in blue.

(@w=0.5m b)w=2m (c)w=2m

Fig. 5: Although EGO-Planner [22] is able to optimize the trajectory to
navigate past the C-shaped wall in the easy setting (a), it struggles to find
a feasible trajectory in the harder settings (b)(c). Yellow/Green: A* obstacle
avoidance proposals, Blue: planned trajectories.

while EGO-Planner is able to successfully navigate past a
small obstacle, the optimization fails to converge when the
A* obstacle avoidance front-end deviates significantly from
the initial trajectories, resulting in huge feasibility costs that
prevent the optimization from converging.

As EGO-Planner [22] and trajectory tracking MPPI [12]
cannot navigate around obstacles beyond the easiest settings,
we use SUPER [10], the state-of-the-art safety-assured MAV
navigation planner in unknown environments, as the baseline.
SUPER replans at 10 Hz, and a geometric controller is imple-
mented to track the trajectories. We tune SUPER’s parameter
to be as fast as possible without collisions in our test scenes.

The experiment results are summarized in Table II, III, IV.
Guided by the perception cost, PA-MPPI moves to positions
that help navigate around obstacles and map the environment
towards the goal, successfully completing the tasks, as vi-
sualized in Fig. 6 and 7. While both SUPER and PA-MPPI
are able to complete the tasks with 100% success rate, PA-
MPPI consistently performs better in terms of total time and
velocity of the trajectories, while having trajectory distances
on par with SUPER. For a qualitative comparison, we visualize
two trajectories from SUPER in Fig. 8. For the C-wall scene,
although SUPER’s A* front-end proposed trajectories close
to the obstacle wall, the subsequent trajectory optimization

(a)t=0s (b)t=3.0s ()t =5.6s

Fig. 6: PA-MPPI trajectory (C-wall with w = 3.0m), total distance 5.7 m.

(@) t=0s (b)yt=1.8s

(c)t =4.6s dtr=6.7s

Fig. 7: PA-MPPI trajectory (4-Wall with w = 1.5m), total distance 6.3 m

(a) Duration 6.3 s, dist. 6.3 m (b) Duration 7.6, dist. 5.5m

Fig. 8: SUPER trajectory samples in the C-wall and the 4-wall scene

TABLE II: C-Shaped Wall Experiment Results.

Obs. . . Avg. Energy
Size l()rl;; ng;e Vel. Consumption
w g (ms~h )
sUPER  10m | 357005 454:051 079005  217.1%253
. 2.0m | 454012 472+028 096+0.03 2250 13.2
(sim) 3.0m | 648092 6.00+0.84 1.08+0.03  286.8 £42.0
pamppr  1Om | 3562004 291004 1222003  142.0£2.0
_ 2.0m | 4.56+0.07 4.20+0.07 1.09+0.01  202.6+3.5
(sim) 3.0m | 5.87+0.07 5.14+022 1.14+0.06  249.5+9.5
1.0m | 3.61+0.13 2.84+0.05 1.27+0.04
PA'M}’PI 20m | 459+0.10 4.09+009 1.12+0.02 _
(real) 3.0m | 5.88=x0.11 5.13+0.18  1.15+0.06

aggressively optimized for dynamic feasibility by penalizing
jerk, body rate, and collective thrust, resulting in a smoother
but longer trajectory, as shown in Fig. 8a. In the 4-wall scene,
the trajectory adheres to the shortest path in distance suggested
by the A* front end. However, compared to PA-MPPI’s trajec-
tory, the final trajectory requires significantly more rotational
control effort, as A* is unaware of the quadrotor dynamics.
On the other hand, PA-MPPI inherently samples dynamically
feasible trajectories, allowing it to prioritize trajectory quality
in the sampling-based optimization. As a result, PA-MPPI’s
trajectories are faster and significantly more energy-efficient.
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TABLE III: Hole in the Wall Experiment Results.

Hole . . Avg. Energy
Diameter l?:l; ng;e Vel. Consumption
d ’ (ms™) )
SUPER 0.5m 3.77+041 436+0.44 0.87+0.05 209.0+21.8
(sim) 1.0m 3.83+0.79 4.26+0.56 0.89+£0.08 203.4+27.3
PA-MPPI 0.5m 3.66£0.40 3.23+0.42 1.14+£0.07 155.7+20.3
(sim) 1.0m 3.44£038 2.79+0.35 1.24+0.08 135.8+17.1
PA-MPPI 0.5m 3714045 3.22+0.65 1.17+0.11 —
(real) 1.0m 3.52+0.37  2.67+0.30 1.32£0.10 —
TABLE IV: 4-Wall Experiment Results.
Obs. . . Avg. Energy
Size ]():s; ng;e Vel. Consumption
w ‘ (ms™) ™
SUPER  0-5m | 3.42+0.14  430£0.14  0.79+0.02  204.7+6.1
! 1.0m | 522+0.60 6.53+0.34 0.80+0.08 313.8+17.0
(sim) 1.5m | 5.47+125 7.57+0.99 0.72+0.07  364.3+50.0
paMppl  0-Sm | 378020 3.12£0.08  1.19x0.05 155.1 +4.1
) 1.0m | 3.97+0.12 4.52+0.15 0.88+0.03  216.7+7.0
(sim) 1.5m | 6.03x0.33 578+023 1.05+0.07 281.7+11.2
0.5m | 3.69+£0.09 294+0.13 1.26+0.05 —
PAMPPL Tom | 3952007 4032010  0.98+0.04
(real) 1.5m | 5.89+032 6.75+0.75 0.88=0.10

Fig. 9: Success rate of PA-MPPI under wind disturbance

Robustness Study. To investigate the robustness of PA-
MPPI, we conduct simulated test in the most challenging
setting of the three tasks while the quadrotor is subjected to
external wind disturbances. The wind directions are randomly
sampled in the xy-plane for each episode, with wind magni-
tudes of [1.0ms™!,2.0ms™!,3.0ms™!] with 10 test episodes
each. The results are shown in Fig. 9. With low external
wind speed, PA-MPPI retains a high success rate, while at
larger wind speeds, the controller cannot compensate for the
disturbance, resulting in more episodes failing by colliding into
the obstacles or being blown into unknown areas, resulting in
early terminations.

PA-MPPI combined with Navigation Foundation Model.
We validate the real-world applicability of the PA-MPPI
controller by using it as the action policy for a navigation
foundation model, NoMaD [4], which proposes trajectory
waypoints. Since the inputs to NoMaD are only monocular
RGB images, the proposed waypoints are not guaranteed to be
feasible due to scale ambiguity. We use two scenes from the
Habitat Matterport dataset [47]. In the first scene, visualized
in Fig. 10a, the NoMaD proposed trajectory attempts to enter
the room but misses the door. PA-MPPI was able to explore
and map unknown regions in this scene, navigate through the
door, and ultimately reach the goal position, as shown in Fig.
10b. In the second scene, visualized in Fig. 10c, the NoMaD
trajectory starts close to a ping-pong table and goes directly
through it. PA-MPPI successfully avoids the obstacle. Both
scenarios demonstrate successful reference-free navigation in

(a) NoMaD proposed traj. (b) PA-MPPI trajectory

(c) NoMaD proposed traj. (d) PA-MPPI trajectory

Fig. 10: Two Habitat scenes, with obstacles (walls, furniture, etc) overlaid in
red and NoMaD proposed trajectory in blue (a)(c), and visualization of the
PA-MPPI trajectory in the occupancy map (b)(d).

cluttered environments using PA-MPPI, making it a suitable
action policy for navigation foundation models.

VI. DiscussioN & FUTURE WoRK

Due to the limited FoV of the depth sensor, a good initial
observation is crucial for successful navigation around large
obstacles. For example, in the experiment shown in Fig. 6,
the initial observation at + = Os is initialized by turning the
quadrotor +90° to observe free space outside the convex hull
of the C-shaped wall. However, this issue can be solved by
replacing the depth camera with LIDAR, which only requires
modification to the mapping module. Additonally, we only
considered navigation tasks within a fixed 3D boundary. Future
work may take advantage of the local map sliding feature of the
ROG-Map to implement larger scale navigation. Finally, PA-
MPPT’s planning horizon is constrained by available computa-
tion, which fundamentally limits the complexity of navigation
scenes it can handle. This may be mitigated by using an
appropriate terminal value function on the last position of the
horizon. We leave this for future work to investigate.

VII. CoNCLUSION

This work presents a perception-aware MPPI controller that
integrates a novel perception-driven cost to enable reference-
free quadrotor navigation in partially known, cluttered en-
vironments with MPPI. By exploiting the current map, the
perception term steers trajectories toward informative frontiers
to explore the unknown regions and advance towards the
goal. Simulated and real-world experiments demonstrate that
its performance is comparable to that of the state-of-the-art
navigation planner. We further demonstrate its potential as an
action policy for foundation models to navigate challenging
environments. Future work will focus on extending PA-MPPI
to longer-horizon navigation and conducting an in-depth study
of its path-planning limits and methods to mitigate them.
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