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Abstract

Autonomous flight in cluttered environments requires a robot to build a geometric map of its sur-
roundings and plan safe, dynamically feasible trajectories, all onboard and in real time. Conventional
approaches treat mapping and planning as separate stages and often rely on binary occupancy for
collision checking. We argue that these two stages should be co-designed around a single representa-
tion: a signed distance function (SDF). By encoding distance to the nearest obstacle, an SDF provides
richer information for planning and trajectory optimization than occupancy alone. We develop an
Octree REsidual Network (OREN) that pairs an explicit octree prior with an implicit neural residual
to reconstruct SDF's online from point cloud observations with the efficiency of volumetric methods
and the accuracy and differentiability of neural methods. In tandem, we develop Bubble*, a search-
based planner that exploits the distance information to grow maximal collision-free balls, which we
call bubbles, with formal guarantees of termination, completeness, and failure detection. Planning
over a graph of bubbles significantly reduces collision checks compared to a grid-based A* search and
returns a bubble sequence that forms a safe corridor for trajectory optimization. We demonstrate the
integrated OREN-Bubble* approach onboard a quadrotor, navigating unseen indoor environments
in real time under tight compute constraints. OREN improves SDF estimation by 22% compared
to baselines, while Bubble* finds trajectories spanning = 90 m through a cluttered environment in
1-3 sec., whereas baselines take up to 10 sec. in the same environment.

Keywords: Signed Distance Function, Implicit Representation, Motion Planning, Unmanned Aerial Vehicle,
Autonomous Flight



1 Introduction

Autonomous flight in unknown environments
requires an unmanned aerial vehicle (UAV) to
build a map of its surroundings and to plan
safe, dynamically feasible motion through it, all
onboard and in real time from streaming sensor
data. This capability underpins many applications
of aerial robotics, including inspection, delivery,
and search and rescue, where UAVs must navi-
gate safely and efficiently. Conventionally, map-
ping and planning are treated as two separate
stages connected by a binary occupancy map.
The planner queries the map to test for colli-
sions at each robot configuration, disregarding
distance and gradient information that a richer
distance-based representation could provide. We
argue that the two stages can instead be co-
designed around a signed distance function (SDF)
representation, exploiting the distance informa-
tion to reduce the collision checking operations,
accelerate the planning, and provide constraints
for trajectory optimization.

Accurate environment representations are
essential across the robot autonomy stack, includ-
ing in simultaneous localization and mapping
(Ortiz et al., 2022; Pan et al., 2024; Tian et al.,
2025), navigation (Long et al., 2026; Oleynikova
et al., 2017), and manipulation (Brunner et al.,
2022; Li, Chi, et al., 2024; Li, Zhang, et al., 2024;
P. Liu et al., 2022). SDF representations are par-
ticularly well suited to serve both mapping and
planning. Given a query point, an SDF returns
the signed distance to the nearest surface, with
the sign indicating whether the query lies in free
(positive) or occupied (negative) space. It cap-
tures obstacle surfaces implicitly as its zero-level
set (Park et al., 2019), while simultaneously pro-
viding clearance to the nearest obstacle. To be
useful in aerial autonomy, an SDF must be built
and queried quickly from streaming observations,
keeping a small memory footprint and remain-
ing accurate under a tight onboard computational
budget. However, existing SDF methods rarely
meet all these requirements at once.

In this paper, we present a unified approach
for mapping and planning for aerial robots, built
around non-truncated SDF (Fig. 1). Our method
reconstructs SDF from point cloud measurements

(b)

Fig. 1: We consider integrated mapping and plan-
ning for autonomous UAV flight. We develop OREN
to reconstruct accurate Euclidean SDF online from
streaming point clouds and Bubble* to plan safe flight
corridors exploiting the distance information. (a) The
color map shows distance to the nearest surface (large
to small), and the planned safe corridor (composed of
cyan balls). (b) OREN and Bubble* running onboard
a quadrotor equipped with a Jetson Orin NX.

onboard a UAV and enables efficient distance-
aware motion planning and trajectory optimiza-
tion with safety and dynamic-feasibility guaran-
tees. We extend our prior conference paper, Dai,
Qian, et al. (2026), which introduced an Octree
REsidual Network (OREN) for SDF mapping,
combining an explicit prior from octree interpo-
lation with implicit neural features decoded into
a correction of the prior. To construct the prior,
we use an octree with distance and gradient esti-
mates stored at the octant vertices and gradient-
augmented interpolation to compute SDF at arbi-
trary query positions. We correct the prior with a
neural network residual, which recovers fine details
of the observed surface from implicit features.
Given an SDF model of the environment, the
second challenge is turning it into safe, dynami-
cally feasible UAV trajectories. Commonly, this is
done by first planning a collision-free path, e.g.,



via A* or RRT (Hart et al., 1968; Karaman &
Frazzoli, 2011), then constructing a safe corridor
of overlapping convex regions around the path
(S. Liu, Watterson, et al., 2017), and finally opti-
mizing a dynamically feasible trajectory inside
the corridor (Z. Wang et al., 2022). Bubble Plan-
ner (Ren et al., 2022), a representative work,
finds a path via search, grows a receding corridor
of spheres around it, and optimizes a trajectory
through the corridor. We observe that with SDF,
the path search and the corridor construction need
not be separate stages because the distance at
any point already defines a maximal collision-free
ball around it, which we call a bubble. We develop
Bubble*, a motion planning algorithm that con-
structs a graph of bubbles from SDF queries to
plan a safe bubble corridor. We establish formal
guarantees of termination, completeness, and fail-
ure detection under mild clearance assumptions,
then optimize a dynamically feasible trajectory
within the corridor using MINCO (Z. Wang et
al., 2022), a minimum-control-effort polynomial
parameterization. Because Bubble* reads signed
distances directly from OREN, mapping and plan-
ning share a single representation, requiring far
fewer collision checks than grid-based A*. In our
experiments, OREN improves SDF estimation by
22% over baseline methods and runs efficiently
enough for real-time deployment onboard a UAV,
while Bubble* finds trajectories ~ 90 m long
through a cluttered environment in 1-3 sec., ver-
sus up to 10 sec. for existing methods.

In summary, our work makes the following
contributions.

® We develop OREN, a mapping approach that
uses an explicit octree prior and implicit neu-
ral correction to reconstruct accurate, differen-
tiable, non-truncated SDF in real time.

® We propose Bubble*, a search-based planner
that exploits an SDF map to construct a graph
of collision-free spheres (bubbles), unifying path
search and safe-corridor construction into a
single algorithm. We provide formal guaran-
tees of termination, completeness, and failure
detection, and perform trajectory optimization
within the bubble corridor to produce dynami-
cally feasible UAV trajectories.

® We compare our methods to mapping and plan-
ning baselines and demonstrate the complete

approach in real-world autonomous quadrotor
flight in unknown environments.

2 Related Work

This section reviews existing methods for SDF
reconstruction and integrated mapping and plan-
ning for aerial robots.

2.1 SDF Reconstruction

Methods for learning SDFs fall into three broad
groups: volumetric, Gaussian Process (GP), and
neural network.

Volumetric methods (Curless & Levoy, 1996;
Han et al., 2019; Kahler et al., 2015; Millane
et al., 2024; Newcombe et al., 2011; Oleynikova
et al., 2017; Pan et al., 2022) fuse observations
into a regular grid using voxel hashing for effi-
cient updates and queries. Voxblox (Oleynikova
et al., 2017) builds a TSDF layer from projec-
tive distance, then propagates it to an SDF layer
via breadth-first search (BFS). Both steps intro-
duce errors that subsequent works (Han et al.,
2019; Pan et al., 2022) reduce by using non-
projective distance and replacing BFS path length
with distance to the nearest oriented surface
point. Nonetheless, these representations are dis-
crete, non-differentiable, and hard to scale to large
scenes. In comparison, OREN learns a continuous,
differentiable SDF in real time, with low memory
usage that scales to large scenes. OREN first esti-
mates an SDF prior from explicit discrete priors
stored in an octree, then uses implicit neural fea-
tures to predict residuals that correct the prior,
forming a compact, differentiable representation
of continuous SDF.

Gaussian Process (GP) methods (Dai, Fan, et
al., 2026; B. Lee et al., 2019; Wu et al., 2021,
2025) learn continuous fields supporting gradi-
ent computation and uncertainty quantification.
GP implicit surface (GPIS) (B. Lee et al., 2019)
iteratively estimates oriented surface points and
regresses SDF online, learning the surface implic-
itly as the SDF’s zero-level set. GPIS is accurate
near the surface but fails to extrapolate away
from it, since training data comes only from near-
surface points and distant queries fall back to the
zero-mean prior. Based on the connection between
the heat equation and the unsigned distance func-
tion (UDF) (Varadhan, 1967), Log-GPIS (Wu



et al., 2021) learns globally-generalized unsigned
distances in log space. VDB-GPDF (Wu et al.,
2025) extends this log-GP technique to jointly
learn surface estimation and UDF, using Open-
VDB (Museth et al., 2025) for memory efficiency.
However, both methods omit the sign and strug-
gle to scale to large scenes on resource-constrained
platforms due to the cubic complexity of matrix
inversion during training. In comparison, OREN
computes the prior via O(1) trilinear interpolation
in the octree and the residual via matrix multi-
plication, roughly O(n?) for n hidden dimensions,
while using less memory than GP.

Neural network methods are attractive for
their native speed on GPUs. DeepSDF (Park et
al., 2019) showed that neural networks can learn
continuous implicit SDF's, inspiring many follow-
up works. iSDF (Ortiz et al., 2022) learns SDF
incrementally with Eikonal regularization. NeuS
(P. Wang et al., 2021) jointly learns SDF and
radiance fields (Mildenhall et al., 2020). Gropp et
al. (2020); Takikawa et al. (2021) refine the net-
work architecture and loss designs. These methods
learn accurate SDF near the surface, which suf-
fices for surface reconstruction, but rarely far from
it. HotSpot (Z. Wang et al., 2025) learns non-
truncated SDF but is only verified at the object
level and requires extensive data and training.

Recent work develops promising hybrid models
that combine an explicit geometric structure with
implicit neural features. PIN-SLAM (Pan et al.,
2024) stores neural features in near-surface vox-
els and decodes the SDF from nearby features,
while Ho-Mapping (Jiang et al., 2023) combines
an octree-based SDF prior with a neural residual.
However, both methods learn only truncated SDF.
HIO-SDF (Vasilopoulos et al., 2024) removes trun-
cation by training on global priors from Voxfield
(Pan et al., 2022), but inherits the volumetric
method’s limited accuracy, and over-smoothes as
the scene grows due to fixed network capacity.

In contrast, our method, OREN, builds an
extendable semi-sparse octree that stores SDF
values and gradients to efficiently capture the
SDF of the whole space as the environment
grows. Through gradient-augmented interpola-
tion, OREN produces more accurate SDF priors,
leaving more capacity for the subsequent neural
network to recover surface detail from implicit fea-
tures. Furthermore, the loss function is designed to
encourage the network to learn accurate SDF far

from the surface, which is critical for planning, and
enables faster convergence than existing methods,
allowing OREN to run in real time on a UAV.

2.2 Integrated Mapping and
Planning for Aerial Robots

Motion planning for quadrotors involves local
trajectory optimization and, most often, global
path planning, both relying on differential flatness
(Faessler et al., 2018; Mellinger & Kumar, 2011):
the property that a dynamical system’s full states
and controls can be computed analytically from a
reduced state, the flat output, and its derivatives
up to the relative degree.

Quadrotor dynamics are differentially flat,
with 3D position and yaw as flat outputs of rela-
tive degree four: all quadrotor states (e.g., orienta-
tion) and controls (e.g., thrust) can be computed
analytically from up to the fourth derivatives of
position and yaw (Mellinger & Kumar, 2011), even
with drag (Faessler et al., 2018). Thus, planning
methods need only produce a position trajec-
tory that is at least four times differentiable,
and optionally yaw, without considering the full
dynamics.

Mapless local trajectory optimization methods
plan directly from observations to avoid obstacles,
trading global optimality for fast computation.
Song et al. (2021) achieve high-speed drone rac-
ing by using reinforcement learning to generate
trajectories from a single image, treating planning
as a black box. Jacquet et al. (2025) take a grey-
box approach, learning a network that converts
a depth image to a local SDF for local nonlinear
model-predictive control (NMPC). All these meth-
ods share a limited field of view, risking dead-end
failures. Ji et al. (2021) partially mitigate this by
efficiently storing sensor history. Since they do not
rely on a map, these methods often lack formal
guarantees of optimality, leading to local optima.

Global planning methods store obstacle infor-
mation in a map and plan safe paths against it.
Global motion planning is dominated by search-
based algorithms, e.g., A* (Hart et al., 1968),
and sampling-based ones, e.g., RRT (LaValle
& Kuffner, 2001) and its asymptotically opti-
mal variant RRT* (Karaman & Frazzoli, 2011).
Sampling-based methods are widely used, e.g., in
OMPL (Sucan et al., 2012), with quadrotor exam-
ples by Funk et al. (2021); Gao et al. (2019).



Because they rely on random sampling, their
completeness and optimality guarantees are only
probabilistic or asymptotic. In contrast, search-
based methods operate on regular grids or state
lattices (Likhachev & Ferguson, 2009), guaran-
teeing deterministic (resolution-)completeness or
optimality, albeit confined by the chosen resolu-
tion. Dharmadhikari et al. (2020); S. Liu, Wat-
terson, et al. (2017) use search-based methods for
quadrotor navigation. Our approach mitigates this
cost-versus-speed trade-off in resolution choice by
building safe bubbles from clearance information,
obviating collision checking within them.

Both search-based and sampling-based plan-
ners can be either geometric or kinodynamic. Geo-
metric planners produce a sequence of waypoints,
assuming any pair of waypoints is achievable,
whereas kinodynamic planners account for kine-
matic or dynamic constraints by requiring a valid
motion between waypoints. To plan dynamically
feasible quadrotor trajectories, one can either 1)
use a geometric planner followed by trajectory
optimization to track the resulting waypoints, or
2) use a single kinodynamic planner directly.

Kinodynamic planning may appear simpler,
as it uses a single planner. LaValle and Kuffner
(2001) originally designed RRT for kinodynamic
planning. However, Richter et al. (2016) show
that for real quadrotors, full kinodynamic plan-
ning performs worse than combining geometric
planning with trajectory optimization, due to its
additional computation. Allen and Pavone (2019)
speed up real-time sampling-based kinodynamic
planning by introducing a learned reachability
classifier between states. Meanwhile, Mueller et
al. (2015) present efficient methods for computing
motion primitives: a library of trajectories used to
connect states during planning. S. Liu, Atanasov,
et al. (2017) use such motion primitives in a
search-based kinodynamic planner, showing they
discretize the state space into a lattice suitable for
efficient search. Zhou et al. (2019) improve search-
based planning with continuous optimization, and
Ryll et al. (2019) present a receding-horizon vari-
ant for unknown environments. To handle state
uncertainty alongside dynamic feasibility, Agha-
Mohammadi et al. (2011); Majumdar and Tedrake
(2017) plan between distributions rather than
states, composing feedback controllers to reach
one distribution from another. Our approach is

most similar to Richter et al. (2016), combin-
ing a geometric planner with subsequent trajec-
tory optimization. However, our geometric plan-
ner composes collision-free regions, leaving room
for dynamic feasibility while ensuring collision
avoidance.

Safe corridor methods, such as Deits and
Tedrake (2015); K.M.B. Lee et al. (2024); S. Liu,
Watterson, et al. (2017); Ren et al. (2022); Torde-
sillas and How (2022); Z. Wang et al. (2022), sim-
ilarly find a sequence of collision-free regions (safe
corridors). These methods are popular for quadro-
tor navigation because they greatly accelerate
trajectory optimization, making them suitable for
onboard and even GPS-denied navigation (Mohta
et al., 2018). Most safe corridor methods first
plan a geometric path, then expand convex regions
around the waypoints. S. Liu, Watterson, et
al. (2017) first introduce safe corridors: over-
lapping collision-free polyhedra expanded around
a path found via jump point search (Harabor
& Grastien, 2011) on an OctoMap (Hornung
et al., 2013), with an optimal continuous tra-
jectory found via quadratic programming (QP).
Z. Wang et al. (2022) accelerate optimization by
introducing a closed-form trajectory parameteri-
zation enabling unconstrained optimization within
safe corridors. Subsequent approaches (Ren et
al., 2022, 2025) speed computation using lighter
local maps instead of an OctoMap. In particu-
lar, Ren et al. (2022) build an efficient KD-Tree
for proximity queries and use clearance informa-
tion to build spherical bubbles along a geometric
path. Our approach also builds spherical bub-
bles from clearance but directly searches for a
sequence of them. In contrast to inflating corridors
around a pre-computed path, few recent meth-
ods directly search for a sequence of corridors.
Graph-of-convex-sets formulations (Marcucci et
al., 2024, 2023) jointly optimize corridor choice
and the trajectory within them via mixed-integer
optimization. However, these methods require a
known corridor set, and mixed-integer optimiza-
tion can be expensive. In aerial robotics, Gao et
al. (2019) search for a sequence of spherical corri-
dors using a modified RRT*, enabling high-speed
LiDAR-based navigation. Similarly, Funk et al.
(2021) find convex regions via RRT search with
collision-checking against a multi-resolution SDF
grid built from visual sensors (Laina et al., 2025).



Our prior work, K.M.B. Lee et al. (2024), used a
sampling-based formulation that first covers free
space with a graph of bubbles and searches it via
Dijkstra’s shortest-path algorithm. Here, we use a
search-based formulation that improves efficiency
by interleaving the graph construction and the
search and by biasing the search towards the goal
via a heuristic function, similarly to A*.

3 Problem Statement

Consider a 3D environment R C R3 with obstacles
represented as a subset Q C R. The SDF d : R? —
R of  is defined as the shortest distance from any
point v € R3 to the obstacle surface 99, with a
sign indicating whether v is inside or outside of {2:

d _ minyGaﬂva}I”27 V€Q7 1
(v) = . (1)
—minyepo [[v—-yl,, veEQ.

The SDF satisfies two key properties: 1) the obsta-
cle surface is encoded as the zero-level set, d(v) =
0, Vv € 99Q; and 2) the gradient of d(v) is the
unit vector pointing away from the nearest surface

point and satisfies an Eikonal equation (Ortiz et
al., 2022):

[Vd(v)|ly =1, ae., (2)

where v, € argmingcpq ||V —yll,-

We consider a quadrotor robot, equipped with
a range sensor (e.g., LiDAR or depth camera),
operating in the environment. Given a stream of
point clouds P;, our objective is to: 1) obtain an
estimate d : R?® — R of the SDF of Q and 2) plan a
safe dynamically feasible trajectory for the robot.
Let x = (p,v, R,w) € X :=R3xR*x SO(3) xR?
be the quadrotor state, consisting of its position
p and velocity v in the inertial frame, orientation
R € SO(3), and body angular velocity w. Given
control input u = (F,7) € R x R3, including the
collective motor thrust F' and body torque 7, the
quadrotor dynamics are:

p=v,
. p=—ges+ LRFes,
=f(x)+G =< . m 3
XTI =1 h R, ®)

w=JYr - &Jw),

where m is the mass, J is the inertia matrix, es =

(0,0,1)7, g is the gravitational acceleration, and

w is a skew-symmetric matrix formed from w.

The quadrotor dynamics (3) are differentially
flat (Mellinger & Kumar, 2011; Z. Wang et al.,
2022); there exists a flat output z such that the
state and control can be expressed as algebraic
functions of z and k of its derivatives,

x =Uy(z,%,... ,Z(k_l)), u="Yyu(zz..., z(k)).
For a quadrotor, the flat output z = (p, ) con-
sists of its position p and yaw angle . The state
x and control u can be recovered from derivatives
of the flat output up to order £ = 4 with ¥, and
U, known in closed form (Mellinger & Kumar,
2011). The yaw % can be determined separately,
e.g., along the velocity direction, so motion plan-
ning reduces to designing a continuous position
trajectory p : [0,7] — R3 from a start ps to a
goal p, that remains collision-free and respects the
vehicle dynamics. We express this as a trajectory
optimization problem:

T
win [ o0 @)+ pT
0

p(), T
st. p(0)=ps, P(T)=py, "
d(p(t)) >r, Vtel0,T],
B®)ly < Vmax, VE€[0,T],
D)y < @max, VYt €[0,T7,

where the objective minimizes the trajectory snap
[p™¥]3 with p > 0 trading off smoothness against
duration. In the constraints, r > 0 is a safety
radius accounting for the robot size and errors
in the SDF estimate cZ, while v and agpax are
velocity and acceleration bounds.

In summary, we consider an integrated map-
ping and planning problem. Given point cloud
measurements, we estimate the SDF d and plan a
dynamically feasible trajectory p(t) from the cur-
rent robot position ps to a desired goal p, that

maintains clearance d(p(t)) > r for all ¢ € [0, T].

4 Octree Residual Network for
SDF Mapping

We first focus on reconstructing the SDF in (1)
from streaming point cloud measurements. We
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coverage for training; b) with the selected key frames and the current frame, we generate three types of samples:

surface points,

points around the surface, and free-space points; ¢) to predict SDF, we first obtain an

SDF prior dgq(v) with gradient-augmented interpolation in a semi-sparse octree, where each octant vertex has
estimated SDF value and gradient; d) we also obtain an implicit neural feature for v by trilinear interpolation
of implicit features stored at the voxel’s vertices, which is fed into an MLP decoder to obtain an SDF residual
correction §4(v), and another MLP decoder to predict occupancy; e) the SDF prior dgq(v) and the SDF residual
84(v) are combined as the final SDF prediction d(v) = dga(v) 4 64(v), and the parameters are trained with five

loss functions: reconstruction loss, Eikonal loss, projection loss,

develop OREN, a hybrid model that combines an
explicit octree prior with an implicit neural correc-
tion. We present an overview of OREN in Fig. 2
An octree data structure stores explicit SDF and
gradient estimates, from which a coarse SDF prior
is obtained by gradient-augmented interpolation
(Sec. 4.1). To recover the geometric details that
the octree resolution cannot capture, implicit neu-
ral features are stored at the octant vertices and
are decoded by an MLP into a residual correction
of the prior (Sec. 4.2). We also decode the implicit
features with a second MLP to predict occupancy,
which is used to supervise the SDF sign dur-
ing online training and improve the robustness
to sensor noise. The resulting non-truncated SDF
estimate d can subsequently be used in the UAV
trajectory optimization problem in (4).

4.1 SDF Prior From Octree
Interpolation

OREN computes the SDF prior through interpo-
lation of SDF values and gradients stored in an
octree with sparse and semi-sparse layers. This
allows efficient storage compared to a dense, reg-
ular grid. Of the N layers of our octree, the first
M layers are designed to be semi-sparse in the
sense that all siblings of an occupied child octant

loss and sign consistency loss.

are created regardless of occupancy. The remain-
ing N — M layers are sparse, where only child
octants containing surface points are populated.
This is illustrated in Fig. 2c. Each octant vertex
v, with k& € {1,...,8}, stores learnable estimates
dr € R and g; € R? of the SDF d(v}) and its
gradient Vd(vy), and vertices are shared across
neighboring octants at different tree depths to
save memory. The semi-sparse layers cost extra
memory but yield a more accurate prior, espe-
cially for query positions away from the surface,
because creating sibling octants places vertices
closer to an arbitrary query v and reduces the
interpolation discontinuities at octant boundaries
that arise in a purely sparse octree (Dai, Qian,
et al., 2026). Using a semi-sparse octree of res-
olution ¢, for a query near the surface we can
locate an octant no larger than £ x 2N=M  while
for distant queries a large empty octant suffices for
an accurate prior under the gradient-augmented
interpolation described next.

To produce an accurate enough prior for the
residual network to only capture fine details, we
use gradient-augmented trilinear interpolation. At
the smallest octant containing a query position v,
we first extrapolate from each vertex vg:

dk(V)de—‘y-g]I(V—Vk), ke{1,...,8} (5)
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and combine the extrapolations into the gradient-
augmented (ga) interpolation

8 8
dpolv) = = S w0nde(¥), 7= S wne (O
k=1 k=1

where wy = 1/|diag(v —wvg)| is the trilinear
interpolation weight. Unlike regular trilinear inter-
polation, which ignores the stored gradients, the
gradient-augmented form admits a tighter error
upper bound; we present the derivation in Dai,
Qian, et al. (2026).

Fig. 3 illustrates the benefit of gradient-
augmented interpolation in 2D scenes with one
and four obstacles. Each row shows the ground-
truth SDF (a), the interpolation results with (b)
and without (c) gradient augmentation, the cor-
responding errors (d, e), and the Hessian spectral
norm of the SDF (f). Gradient-augmented inter-
polation produces smaller errors, as seen in Fig. 3d
and 3e, and the improvement grows with the num-
ber of obstacles. Although the SDF gradient is
not well defined on the medial axes, where the
Hessian spectral norm is large (Fig. 3f), gradient-
augmented interpolation still attains small error
there in practice (Fig. 3d).

The prior dgq(v) is thus computed from a
semi-sparse octree with learnable SDF and gra-
dient estimates di and gy at each vertex, which
are optimized jointly with the residual network.
In the experiments, we use the octree configura-
tion of Dai, Qian, et al. (2026), with N = 8 total
octree layers with M = 5 semi-sparse layers, and
a resolution of ¢ = 10 cm.

4.2 SDF Residual From Implicit
Feature Decoding

The accuracy of the SDF prior is limited by the
octree resolution, so it lacks geometric detail. To
achieve high fidelity, we learn a residual correc-
tion with a neural network R(dgq(v),v; {fx}x, 5)
that composes octree feature interpolation f(v) =
> wify, using implicit neural features f;, €
RY stored at the octree vertices, with an MLP
decoder Dgpr(d,f(v); ). Each octant vertex is
assigned a feature fj, initialized to zero and opti-
mized together with the decoder weights 3. Octree
expansion automatically allocates more features
to the near-surface regions as smaller octants are
created, enabling continual learning as the sensor
moves. As shown in Fig. 2d, for a query point v
we locate the leaf octant containing it, interpo-
late the feature f(v) = Zzzl wifr, with the same
weights wy, as in (6), and decode the SDF resid-
ual 64(v) = Dspr(dga(v),f(v); 8). The final SDF
prediction combines the prior and the residual,

d(v) = dya(v) + 54(¥). (7)
In our experiments F' = 3 and the MLP has two
32-dimensional hidden layers with LeakyReL.U
activations.

Extending Dai, Qian, et al. (2026), we add a
second decoder MLP D..(f(v);n) to predict the
occupancy log-odds Z(v) € R, a continuous value
that can be converted to an occupancy probabil-
ity as o(I(v)), where o(l) := (1 + e~ !)~1 is the
sigmoid function. Since o(l) > 1 if and only if

2
I > 0, a positive prediction [(v) > 0 indicates



v € Q, and [(v) < 0 indicates v ¢ €. Unlike the
SDF branch, which decodes a residual correction
to the octree prior, the occupancy decoder pre-
dicts [(v) directly from the interpolated features
f(v), without a prior. The occupancy prediction
[(v) is used to supervise the SDF sign as a reg-
ularization term, which significantly improves the
robustness to noise. The occupancy labels are
obtained by ray-casting the depth measurements.
Samples along the ray between the sensor and the
measured surface, including samples perturbed to
lie in front of the surface, are labeled free (0 = 0),
while samples perturbed to lie behind the surface
are labeled occupied (o = 1). The sample at the
measured surface receives o = 0.5, which places
the decision boundary o(l) = 1 on the surface,
aligned with the zero level-set of the SDF.

We jointly train the octree parameters 6 =
{dk, gk, fi }r and the decoder weights 8 and 7
online following Dai, Qian, et al. (2026), with
the extension of adding loss terms Ly, and
Lign consist. for learning occupancy and enforcing
its consistency with the predicted SDF sign:

Lowe(l,0) = BCE (a(i), 0) : (8)

Laign consisr(1:d) = 1 max (0,5d) . (9)
where BCE(:,-) is the binary cross-entropy loss,
o € {0,1} is the ground truth of occupancy (0:
free, 1: occupied), s = sign (l), and 7 > 0 is a
confidence margin such that only occupancy pre-
dictions with enough confidence are used. In our
experiments, 7 = 3, corresponding to o(7) & 0.95,
and both loss terms enter the total training loss
with unit weight.

Fig. 2 summarizes OREN. A compact set of
key frames is maintained so that it covers the
observed surface with little overlap between adja-
cent frames (Fig. 2a). From these key frames and
the current frame, we generate a dataset of points
that are: 1) on the surface, 2) perturbed, and 3)
in the free-space (Fig. 2b). With the generated
dataset, the model is optimized with a combina-
tion of reconstruction, Eikonal, projection, sign
consistency, and occupancy losses (Fig. 2e). We
refer the reader to Dai, Qian, et al. (2026) for the
key-frame criterion, the sampling scheme, and the
definitions and hyperparameters of the remaining
losses.

The result is a continuously updated implicit
map that returns accurate, non-truncated dis-
tance and gradient at any query point in the
explored workspace. Its continuous clearance and
Eikonal regularity (2) are precisely the proper-
ties Bubble* exploits next, turning signed-distance
queries directly into safe, dynamically feasible
flight corridors.

5 Distance-Accelerated
Motion Planning

In this section, we consider motion planning and
trajectory optimization given an SDF representa-
tion of the environment. In order to solve (4), we
split the problem into two parts: first finding a
sequence of bubbles to the goal via global search
to minimize path length, followed by local trajec-
tory optimization within the bubble corridor to
minimize the objective in (4). Since an SDF rep-
resentation provides information not only about
occupancy but also about the distance to the near-
est occupied space, it can be used to accelerate
motion planning by reducing the number of col-
lision checks within large free-space regions. We
refer to the ball of free space indicated by an SDF
query as a bubble and develop a new search-based
motion planning algorithm, Bubble*, to plan a
sequence of bubbles from the start to the goal.
Bubble* constructs a graph of nodes on a grid,
each associated with a bubble, and edges that con-
nect to the bubble boundaries (Sec. 5.1). Using
a heuristic similar to A*, Bubble* expands the
most promising node at each step by adding the
boundary nodes as successors (Sec. 5.2). We prove
completeness of Bubble* under a mild clearance
assumption (Sec. 5.3). The overlapping bubbles
along the recovered path form a safe corridor that
we use for trajectory optimization (Sec. 5.4).

5.1 Bubble Graph Construction

For planning, we discretize the 3D environment
of Sec. 3 using grid resolution A > 0 and define
the set of grid nodes V := AZ? N R, where Z3
is the integer lattice in 3D. For each node p €
V, we define the associated grid cell Ca(p) :=
P+ [—%, %]3, and the set of all grid cells Ca :=
{Ca(p) | p € V}. We denote by O := {Ca(p) €
Ca | Ca(p) N Q # 0O} the occupied cells, i.e.,
those whose region intersects an obstacle, and by



L Circle 2 successors
// ~ Circle 1 successors
’ o Parent candidates
Chosen parent -> chosen point

Fig. 4: CALCULATESUCCESSORS: Each successor
selects a parent in the current bubble according to
the minimum cost-to-come and updates its cost. The
OPEN set then contains both existing (blue) and new
(orange) nodes.

F := Ca\O the free cells. The corresponding set of
free grid nodes is V¢ .= {p € V | Ca(p) € F}.
The free region can be represented explicitly using
the SDF reconstructed using OREN in Sec. 4. By
computing the SDF d(c) at a node c € V¢ we
define an open ball of radius at least %. We refer
to this obstacle-free region around the node as a
bubble and denote it as B. = B(c, d(c)), where:
Ble,r):i={p e R | [p—cll <r}.  (10)
For the graph search over grid nodes, we use the
free grid nodes that lie inside the bubble:
Be = B(c,d(c)) := B, N Ve, (11)
We define a graph over the free grid nodes V¢ in
which each bubble connects the nodes it contains
to the nodes on its boundary. The boundary nodes
are characterized using the axis-aligned neighbors
of a node:

Ne(p):={pLtAe eV]|ie{l,...,3}}, (12)
where {e;}?_; are the standard basis vectors of
R3. The successor set of a bubble collects the
boundary nodes, those with at least one axis-
aligned neighbor (12) lying outside the bubble, as
illustrated in Fig. 4:

S(Be) = {p € Be | 3a € Ny(p) 5. q ¢ Be} .(13)
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Two nodes p,q € V™ are connected by an edge
if some bubble (11) contains p and has q on its
boundary. That is, p € B. and q € S(B.) for some
c € Ve, Every edge is collision-free: the bubble
B. (10) is obstacle-free and convex, so it contains
the straight line segment between the two nodes.

5.2 Bubble* Search Algorithm

We present the Bubble* planner in Algorithm 1,
which performs a heuristic graph search over bub-
bles to compute a collision-free path from the
start node p, to the goal node py. The algo-
rithm expands bubbles constructed from SDF
clearance, allowing large collision-free regions to
be explored efficiently. This greatly reduces the
required number of collision checks compared to
other search-based planners.

Bubble* maintains two sets of nodes: an
OPEN set containing candidate successor nodes
to be expanded, and a CLOSED set contain-
ing nodes whose associated bubbles have already
been explored. Each node p € Vf° is associ-
ated with a cost-to-come value g(p), representing
the minimum path length from the start to p, a
parent pointer Parent(p) recording the predeces-
sor node used to reach p, and a bubble pointer,
Bubble(p), recording the bubble that contains the
segment from p to Parent(p). Analogous to an
A* search, the OPEN set is prioritized according
to the sum of the cost-to-come and an optional
heuristic estimate of the distance to the goal.

At each iteration, Bubble* selects the node
¢ € OPEN with minimum priority and constructs
the corresponding bubble B, = B(c,d(c)) defined
n (11), along with its successor set Se = S(Bc) in
(13). We refer to this as expanding c. If ¢ = py,,
the search terminates. Otherwise, if the goal lies
within B, it is appended to the current suc-
cessor set S, so that the termination condition
c = pgy holds in a future iteration. The CAL-
CULATESUCCESSORS procedure in Algorithm 1
processes each successor j € S¢: it selects the
predecessor k* among nodes inside B, that mini-
mizes g(k)+[|j — k||, and updates g(j), Parent(j),
and Bubble(j) whenever this improves the cost-
to-come. Interior nodes of B, and its center c are
then marked as CLOSED. This procedure assigns
each successor node of the new bubble a parent
node according to Line 21 of Algorithm 1.



Algorithm 1: Bubble* Planner

1 Algorithm Bubble* (ps, py, d(:), h(:))

2 | OPEN «+ {ps}, CLOSED « 0
3 | 9(ps)=0, g(p)=o00 Vp#Dps
4 while OPEN # ) do
5 ¢ ¢ argmin,coppy (9(P) + h(P))
6 OPEN « OPEN \ {c}
7 B. < B(c,d(c))
8 if c = py then
9 ‘ return PathTo(pg,)
10 Se + S(Be)
11 if py € Bc then
12 | Se + ScU{py}
13 CalculateSuccessors (B, Sc, OPEN, CLOSED)
14 foreach p € B, with p ¢ S. do
15 ‘ CLOSED « CLOSED U {p}
16 CLOSED «+ CLOSED U {c}
17 return failure
18 Procedure CalculateSuccessors(B., S., OPEN, CLOSED)

19 foreach j € S with j ¢ CLOSED do

20 k* « argminycoppnng, (9(k) + [lJ — ki)
2 || g e gk - K,

22 if g(j) > gmin then

23 9() < Gmin

24 Parent(j) + k*, Bubble(j) « B.

25 if j € OPEN then

26 ‘ update priority of j

27 else

28 | OPEN « OPEN U {j}

29 Procedure PathTo(p)

30 Path «+ {p}

31 BubblePath + { B(p,d(p)) }

32 current <— p

33 while Parent(current) exists do

34 Path + Path U {current}

35 BubblePath < BubblePath U {Bubble(current)}
36 current < Parent(current)

37 return {Path.reverse(), BubblePath.reverse()}

The search terminates when the goal p, is
drawn from the open set (success), or if the
open set is empty (failure). In the successful case,
the parent pointers are followed to reconstruct a
sequence of overlapping bubbles connecting the
start and goal, which is done in the PATHTO pro-
cedure. If the OPEN set becomes empty before
reaching the goal, the algorithm reports failure.
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Because the parent candidate k* may be any
OPEN node inside the bubble, the recovered path
can skip intermediate nodes unlike A*. Bubble*
therefore produces any-angle paths in that the
nodes on the path are connected through one
straight segment if they belong to the same bub-
ble. Therefore, the resulting paths are no longer
than the shortest path restricted to the grid and
are typically shorter.



5.3 Termination, Completeness, and
Failure Detection

We now establish formal guarantees for Bubble*:
it always terminates, it returns a path whenever
one with sufficient clearance exists, and it reports
failure otherwise. Throughout, we use the fact that
the search space is bounded by R, so there are
finitely many nodes V, and that the start and goal
are free grid nodes, ps,pgy € Vfree We assume
the heuristic h is consistent, i.e., h(py) = 0 and
h(p) < |p — p’|l;+h(p’) for adjacent p, p’, which
holds for the Euclidean distance h(p) = ||p — Py,
used in our experiments.

Definition 1 (Clear grid path). Let V/™¢ be a set
of free nodes with resolution A. A grid path from
pPs to Py is a finite sequence (Po,P1,...,PN) C
Viree with py = ps, Pn = Py, and pjt1 € No(p;)
for all j. It is clear if the distance d(p;) > 1.5A
for every j.

The adjacency condition makes the sequence a
connected walk on the grid, while the 1.5A clear-
ance ensures each node’s bubble contains all of its
grid neighbors. Because the axis-aligned neighbors
lie at distance A and bubbles are open balls, the
radius must satisfy d(p;) > A. Among the clear-
ance values admissible under our grid-occupancy
model, 1.5A is the smallest. The completeness
proof below relies on this property.

Theorem 1 (Termination). Bubble* (Algo-
rithm 1) terminates after finitely many iterations.

Proof The grid V is finite and each bubble is deter-
mined by its center, so there are finitely many bubbles.
With a consistent heuristic, the cost-to-come g(c) is
optimal when c is expanded (Hart et al., 1968), so each
node is expanded at most once and is never reinserted
into OPEN after entering CLOSED. Each iteration
removes one node from OPEN and inserts finitely
many successors, so after at most |V| expansions
OPEN is empty or the goal is returned. O

Theorem 2 (Completeness). If a clear grid path
from ps to py exists, then Bubble* (Algorithm 1)
returns a valid path.

Proof By Theorem 1, the search terminates, so it
either returns a path or reports failure. Suppose, for
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contradiction, that it reports failure. Then, OPEN is
empty at termination. Let (po,...,pn) be the clear
grid path from the hypothesis, with pg = ps, Py =
Pg, Pj+1 € Ns(pj), and d(p;) > 1.5A for all j. We
prove by induction that every p; lies in some bubble
expanded during the search.

For the base case, pg = ps is placed in OPEN at
initialization. Since OPEN is empty at termination, it
was popped and its bubble expanded, so pg lies in an
expanded bubble. For the inductive step, suppose p;
lies in an expanded bubble Bc. If p; is interior to Be,
that is p; ¢ S(Bc), then by (13) all grid neighbors of
pj, including p;41, lie in Be.

Otherwise p; lies on the boundary, p; € S(Bc),
and was inserted into OPEN. Since OPEN is empty, it
was also popped and its own bubble Bp; is expanded.
Because d(p;) > 1.5A > A and pj41 is a grid neigh-
bor at distance A, we have p;j11 € Bp;. In either
case pj+1 lies in an expanded bubble, completing the
induction.

In particular, the goal py = pg lies in some
expanded bubble Bc. The goal test pg € Bc in Algo-
rithm 1 then inserts py into the successor set, so
CALCULATESUCCESSORS inserts it into OPEN with
finite cost. Since OPEN is empty at termination, pg
must have been popped. When a node equal to pg
is popped, the algorithm returns PATHTO(pgy). This
contradicts the failure assumption, hence, Bubble*
returns a valid path. O

Corollary 1 (Failure detection). Bubble* (Algo-
rithm 1) reports failure in finite time and only
when no clear grid path connects ps and py.

Proof Since Theorem 1 shows termination in finite
time and Theorem 2 shows completeness, it follows
that if no path exists, the algorithm terminates with
failure in finite time. |

5.4 Trajectory Optimization Within
Bubble Corridor

Given the sequence of bubbles returned by
Bubble*, we compute a trajectory to solve (4) that
lies within the convex bubble corridor. Pairs of
consecutive bubbles define a convex overlap region
through which the trajectory may pass. These
overlap regions provide a sequence of safe sets that
constrain the trajectory while preserving sufficient
freedom for optimization.



Bubble Overlap Construction

Bubble* returns a sequence of bubbles (10) along
the path, which we index as B; := B(c;,r;) with
centers ¢; € R3 and radii r; := d(c;) > 0. Consec-
utive bubbles B; and B, ; overlap by construction,
since Bubble* generates each bubble center inside
its predecessor. Their intersection is a lens whose
widest cross-section is a disk in the plane perpen-
dicular to the line between centers a; := ¢;+1 —c;.
We use this disk as a convex safe set linking the
two bubbles. Its offset along a;, center, and radius
are:

1 r2—r?,
Xi =g+t
2 2]
0; = ¢; + A&, (14)
2
pi =1} = A} llaqll”.

Let v; = a;/ ||a;|| be the unit normal of the disk’s
plane and B; = [e} e}] € R**2 an orthonormal
basis of that plane. With the center o; and radius

pi from (14), the widest overlapping cross-section
is the disk

Sl' :{O¢+BiW|W€R2, ||W||2 §p1}

(15)
- Bi n Bi+1-
MINCO Trajectory Representation
We build wupon the MINCO representa-

tion (Z. Wang et al., 2022), which parameterizes
a piecewise polynomial trajectory using inter-
mediate waypoints and segment durations. Let
the trajectory consist of N polynomial segments.
MINCO parameterizes the trajectory using spa-
tial variables & = {£,} ! and temporal variables
7 = {r;},, which determine the intermediate
waypoints and segment durations, respectively.
These variables are mapped to physical waypoints
q = q(&) and segment durations T = T(7), and
the optimal polynomial coefficients ¢ are uniquely
determined from (q, T).

The trajectory optimization problem is formu-
lated as

min 7 (q(€), T(1)) s.t.

? qz(fz) c Si, V1, (16)

where J includes the minimum-snap and time
penalties of (4) as well as corridor violation
penalties. The dynamics constraints are penalized
through the cost, following Z. Wang et al. (2022).

13

The clearance constraint in (4) is enforced by
shrinking the radii of all bubbles in the corridor by
the required clearance r, and the rest of the con-
straints can be written naturally in the MINCO
problem formulation, so the optimization is (4)
restricted to the MINCO polynomial class.

We design a smooth unconstrained parameter-
ization that automatically satisfies the constraint
of each waypoint lying within its corresponding
overlap region of (15), ie., q; € &;. Specifi-
cally, we map unconstrained variables £, € R? to
constrained waypoints q; as:

Big,
u; = )
1+ B | (17)
Qi = 0; + piu;.

Segment durations must satisfy the positivity
constraint 7; > 0. Following the temporal con-
straint elimination scheme of MINCO (Z. Wang
et al., 2022), we introduce unconstrained temporal
variables 7; € R and define the mapping;:

2

T 4+Ti+1, 7 > 0,
;=32 . (18)

(77-' —T; + 1) y Ti S 07

21
which ensures positivity while preserving differ-
entiability. Gradients with respect to 7; are com-
puted using the chain rule in conjunction with the
gradients provided by the MINCO formulation.

Gradient-Based Optimization

MINCO provides gradients of the cost function
with respect to waypoints and durations, 0. /dq
and 0J/OT. These gradients are propagated
through the spatial parameterization using

N
9%;

oJ
0q; ’

= B;—Pi (af3x3 - auiuT)

i (19)
where o = (1 + || Bi&,]|*) /2. To improve conver-
gence, we first prune the bubbles whose waypoints
q; make no progress toward the goal, and initial-
ize the remaining waypoints at the centers of their
overlap regions o;. The optimization then runs in
two stages:

1. Optimize the spatial variables & with the dura-
tions 7 fixed to obtain a collision-free geometric
path.



2. Jointly optimize £ and T to obtain a dynami-
cally feasible trajectory.

This two-stage optimization produces smooth
dynamically feasible trajectories through the
sequence of bubbles from the Bubble* algorithm.

6 Evaluation

Our central claim is that combining OREN and
Bubble* yields an efficient integrated mapping,
planning, and trajectory optimization approach
for UAVs that runs fully onboard. To support this
claim, we first show that OREN provides an accu-
rate continuous SDF representation with sufficient
computational efficiency to permit real-time oper-
ation in simulated large-scale environments. Our
prior work (Dai, Qian, et al., 2026) compares
OREN extensively against SDF mapping base-
lines, and Sec. 6.1 summarizes those results. The
key remaining comparison is against the map-
ping approaches commonly used in autonomous
flight, and we evaluate OREN in four large sim-
ulated environments against OctoMap (Hornung
et al., 2013), a widely used mapping library
for quadrotors (Sec. 6.2). Then, building on the
SDF reconstruction from OREN, another set of
experiments shows that Bubble* is more efficient
than grid-based A* and sampling-based (RRT,
RRT*) planners (Sec. 6.3). Finally, we evaluate
our approach on a real quadrotor with a Jetson
Orin NX computer to show that it runs efficiently
and fully onboard (Sec. 6.4).

6.1 Comparison with SDF Mapping
Methods

In our conference paper (Dai, Qian, et al., 2026),
OREN is evaluated on Replica (Straub et al.,
2019) and Newer College (Zhang et al., 2021)
datasets, in comparison with four baselines Hs-
Mapping (Jiang et al., 2023), PIN-SLAM (Pan et
al., 2024), HIO-SDF (Vasilopoulos et al., 2024)
and Voxblox (Oleynikova et al., 2017). OREN
generates mesh results of quality similar to the
baselines’ for small indoor Replica scenes and
synthesized depth data. However, on the large
outdoor Newer College scene with real LiDAR
measurements, OREN reconstructs a much bet-
ter mesh, as shown in Table 1. On the Newer
College dataset, OREN improves over the best
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baselines by 29-68% across all seven mesh metrics
(Completion +36.2%, Completion Ratio +29.3%,
Recall +33.5%, Precision +40.3%, F1 +37.0%,
Chamfer-L1 +56.7%, Accuracy +68.3%), averag-
ing ~ 43.1%. As for SDF metrics, OREN outper-
forms the baselines by a larger margin on both
Replica and Newer College datasets. As shown in
Table 2, OREN provides at least 15% more accu-
rate SDF than the baselines, which is an essential
factor for the success of our Bubble* planner.

6.2 Mapping in Large Simulated
Environments

The comparisons in Sec. 6.1 establish OREN’s
accuracy against dedicated SDF mapping meth-
ods on standard benchmarks. This section eval-
uates the performance of OREN in an online
setting with data streaming from a UAV in large
simulated environments.

We build four simulation environments, a for-
est, an underground garage, an industrial site,
and a warehouse, and simulate a quadrotor fly-
ing through each, carrying a single onboard depth
camera and building the map online from the
streaming point clouds. These scenes form our
testbed for the mapping-and-planning approach.
Here, we evaluate the map representation and
Sec. 6.3 evaluates planning in the same environ-
ments. With our focus being on online deploy-
ment of autonomous robots, we compare against
OctoMap (Hornung et al., 2013), an occupancy-
grid mapping method widely used on compute-
constrained platforms. OREN matches OctoMap’s
occupancy prediction quality at a comparable
update rate while providing the continuous dis-
tances that accelerate planning while recovering
visually better surface meshes.

Table 3 reports occupancy prediction qual-
ity with the Precision, Recall, and F1 metrics
common in the mapping literature (Dai, Qian,
et al., 2026; Jiang et al., 2023; Pan et al.,
2024), evaluated against the ground-truth surface
point cloud. OREN achieves better or comparable
results across the four environments while addi-
tionally providing distance information and gra-
dients. Fig. 5 visualizes the reconstructed surface
meshes side by side in each scene, the marching-
cubes mesh of the zero level-set of OREN’s SDF
and the faces of OctoMap’s occupied cells.



Table 1: Mesh reconstruction metrics with § = 20 cm on the Newer College dataset (Zhang et al., 2021).

OREN Hs-Mapping PIN-SLAM HIO-SDF  Voxblox

Metric

Completion [cm] | 10.66
Completion Ratio [< 6]% 1 | 94.20
Recall [< 6]% 71 93.99
Precision [< 0]% 1 90.69
F1 Score [< §]% 7 92.31
Chamfer-L1 Distance [cm] | | 9.36
Accuracy [cm] | 8.07

21.94 16.71 72.86 21.30
61.58 72.83 10.05 60.31
57.96 70.40 4.72 56.64
52.97 64.63 4.46 51.84
55.35 67.39 4.59 54.14
28.40 21.64 422.29 23.37
34.86 26.58 771.72 25.44

Table 2: Average improvement of OREN over other
SDF estimation methods (the best baseline for each
scene and metric). SDF MAE is the MAE of the pre-
dicted signed distance, and Gradient MAE is the MAE
of the angle between the predicted and ground-truth
SDF gradients.

Metric Region Avg. T
All 22.0%
SDF MAE Near 34.5%
Far 15.0%
All 35.5%
Gradient MAE Near 54.1%
Far 29.9%

Table 3: Comparison of OREN and OctoMap on 4
simulated environments. Both methods are compared
against a ground-truth surface point cloud.

Env Method Precision Recall F1
Warchouse OREN 0.672 0.884 0.764
OctoMap 0.780 0.629 0.696
Garage OREN 0.862 0.911 0.886
OctoMap 0.888 0.819 0.852
Forest OREN 0.652 0.948 0.773
OctoMap 0.900 0.384 0.539
Industrial OREN 0.556 0.901 0.688
OctoMap 0.787 0.646 0.710

OctoMap builds a discrete occupancy grid of
the free and occupied voxels at a fixed resolution.
OREN instead represents the scene as a contin-
uous SDF that provides the signed distance and
gradient at every point (Sec. 4.2). Throughout
the evaluation, both the occupancy predictions
and the reconstructed meshes are derived from
the SDF estimate d alone. The occupancy decoder
could provide occupancy directly, but we choose
to measure the representational power of the SDF
itself, though the occupancy information is used
during online training to improve the SDF train-
ing. Compared to OctoMap, OREN produces a
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more accurate and complete reconstruction of the
scene, with fewer holes and artifacts.

The continuous SDF also carries richer infor-
mation for planning. It encodes the distance to
the nearest obstacle that Bubble* uses for its effi-
ciency and safety. This added information comes
at only a modest expense in computation time.
As Fig. 6 shows, OREN yields an update fre-
quency comparable to OctoMap’s, only around
1 Hz slower in two of the four environments (ware-
house and industrial), and 4-10 Hz slower in
the others (garage and forest). The map update
rate (19.1-28.4 Hz) remains amenable to real-time
operation. Compared to the benefit of the contin-
uous distance information, we regard the increase
in computation as a small price to pay, since it
enables Bubble*, which OctoMap cannot.

6.3 Planning Evaluation

We evaluate the efficiency of Bubble* by the num-
ber of collision checks the planner issues and by
the total planning time, and report path length
and tracking error to verify that efficiency does
not come at the cost of trajectory quality. We first
isolate search efficiency in a controlled 2D compar-
ison against grid-based A*, and then evaluate the
complete planner in the 3D industrial and forest
environments of Sec. 6.2 against grid-based (A*)
and sampling-based (RRT, RRT*) baselines.

Search Efficiency in 2D

We first evaluate Bubble* against A* in a 2D envi-
ronment shown in Fig. 7. A* binarizes the same
SDF to determine occupancy and expands one
neighboring node at a time, whereas Bubble* uses
the SDF magnitude to grow collision-free bub-
bles and expands only at their boundaries. Both
planners use the Euclidean distance to the goal,
h(p) = [P — Pyll,, as the heuristic. Over 1000
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Fig. 5: Map representations compared across four large-scale simulated environments. In each pair, OREN (left)
reconstructs a continuous SDF surface and OctoMap (Hornung et al., 2013) (right) a discretized occupancy grid
of the same scene. Each map is built online from a single depth camera on a simulated quadrotor flown through

a sequence of fixed waypoints.
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Fig. 6: Average mapping update rate (Hz) of OREN
and OctoMap (Hornung et al., 2013) across the four
simulated environments. The depth camera streams at
30 Hz (dotted line). Both run in real time. OctoMap is
faster, as updating an occupancy grid is lighter than
fitting an implicit field, whereas OREN provides the
smooth, differentiable SDF that answers the distance
queries Bubble* depends on.

trials at several resolutions, Bubble* performs 91—
99% fewer collision checks than A* and finds a
shorter or equal path in every case. Fig. 7b shows
the runtime distribution, where Bubble* is about
an order of magnitude faster, with a wider gap at
finer resolutions.
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Planning in 3D Environments

We compare Bubble* in 3D environments against
three baselines: grid-based A* and the sampling-
based RRT and RRT* planners. To generate
dynamically feasible trajectories for a quadrotor
from the baselines, we place bubbles along the geo-
metric paths found by the baseline planners, and
use the same optimization routine as in Sec. 5.4.
All planners use the same 3D SDF obtained using
OREN. We evaluate on the industrial site and the
forest scene environments from Sec. 6.2. A rep-
resentative trajectory from each planner in the
industrial scene is shown in Fig. 8a, and quan-
titative metrics for both scenes are reported in
Table 4.

In the industrial environment, Bubble*
achieves the lowest total planning time (1.0 s)
while matching the shortest path within 1%
(86.0 m vs 85.4 m by RRT*), well below A*
(90.3 m) and RRT (102.5 m). The marginally
shorter path by RRT* is expected because RRT*
routes arbitrarily close to obstacles in continuous
space, whereas Bubble* searches on a grid with
fixed resolution and keeps its trajectory inside
high-clearance bubbles, trading a fraction of
length for larger clearance margin.
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Fig. 7: 2D search-efficiency comparison between Bubble* and A*. (a) Representative paths in a 2D environment;
SDF clearance lets Bubble* take any-angle shortcuts that grid-restricted A* cannot. (b) Runtime over 1000
randomly sampled start—goal pairs at several grid resolutions. Boxes span the interquartile range, the red line
marks the median, and whiskers extend to the minimum and maximum.

(a) Planner trajectories

(b) Bubble* safe corridor

Fig. 8: Planning in the simulated industrial environment of Fig. 5¢, all on the same OREN SDF. (a) Repre-
sentative trajectories from Bubble* (red), A* (orange), RRT (magenta), and RRT* (black). (b) The Bubble*
safe corridor: overlapping bubbles (red) grown along the optimized trajectory, whose large, mutually overlapping
clearance gives the optimizer ample room and keeps the optimization fast (Table 4).

The two planning stages, search and optimiza-
tion, trade off differently across the methods. A*
searches quickly (223 ms) but the high number
of bubbles created around the path (164) leads
to a dense cell corridor and slow trajectory opti-
mization (1005 ms). RRT finds a discrete path
almost instantly (2 ms). However, because the
path is jagged, it takes a long time (6068 ms)
to optimize a continuous trajectory within bub-
bles centered at the RRT path. RRT* requires a
stopping criterion for search, and we chose one
that is based on finding a path shorter than
Bubble*, but this causes RRT* to spend most of
its budget on search (5.1 s). Bubble* keeps both
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stages low (485 ms search, 523 ms optimization).
Tracking error is comparable across all planners,
with Bubble* achieving the lowest tracking error
(0.291 m), confirming that its corridor does not
compromise dynamic feasibility.

By construction, Bubble* produces a corridor
of overlapping safe regions, which keeps the sub-
sequent trajectory optimization fast. The Bubbles
and Mean r columns of Table 4 quantify this:
Bubble* covers its path with 82 overlapping bub-
bles of mean radius 1.08 m (Fig. 8b), whereas A*’s
dense cell path requires 164 bubbles of roughly
half the radius (0.55 m). Fewer and larger bubbles



Table 4: Planning comparison in the simulated industrial and forest environments of Fig. 5. All planners operate
on the same SDF map. Columns report the planning time (Search), the trajectory-optimization time (Opt.), their
sum (Total), the path length (Path), the root-mean-square position error of the executed trajectory relative to
the planned trajectory (RMSE), the number of overlapping bubbles forming the safe corridor (Bubbles), and their
mean radius (Mean r). Bold marks the best value in each column and underline the second best, per environment.
For the Bubbles and Mean r columns, which characterize the corridor handed to the trajectory optimizer, fewer
bubbles and larger mean radius are better. Bubble* attains the lowest total planning time in both environments

while producing a compact high-clearance corridor.

Env Planner Search (ms) Opt. (ms) Total (ms) Path (m) RMSE (m) Bubbles Mean r (m)
Bubble” 185 523 1008 86.0 0.291 82 1.08
Industrial A* 223 1005 1228 90.3 0.297 164 0.55
RRT 2 6068 6069 102.5 0.327 82 1.17
RRT* 5079 927 6006 85.4 0.314 123 0.69
Bubble* 298 3478 3776 87.2 0.274 311 0.30
Forest A* 466 3687 4152 89.5 0.265 341 0.27
RRT 2931 3056 5987 90.1 0.281 348 0.27
RRT* 5050 5318 10368 94.7 0.324 328 0.28

leave the optimizer more room around each way-
point and fewer convex regions to stitch together,
which is why Bubble* optimizes in 523 ms against
the 1005 ms A* requires. Larger bubbles alone are
not sufficient, however: RRT attains an even larger
mean radius (1.17 m) with the same bubble count,
yet its randomly sampled path threads them along
an irregular route and is the slowest of all to opti-
mize (6.1 s). Bubble* is the only method that pairs
a compact, high-clearance corridor with a smooth
underlying path, which keeps both its search and
its optimization fast.

This pattern still holds in the more cluttered
forest environment. Bubble* again attains the low-
est total planning time (3.8 s) and produces the
shortest path (87.2 m), with the most compact,
highest-clearance corridor among the four plan-
ners (311 bubbles at a 0.30 m mean radius). The
sampling-based planners remain the most expen-
sive: RRT* spends over 10 s across search and
optimization, and both produce longer paths than
Bubble*.

Across both experiments, the efficiency of
Bubble* follows directly from the tight coupling
between map and planner: by reading clearance
straight from OREN’s non-truncated SDF map
and expanding whole collision-free bubbles rather
than testing occupancy cell by cell, it issues
far fewer signed-distance/collision queries than
A* while preserving the safety and completeness
guarantees (Sec. 5.3).

6.4 Real-World Autonomous Flight

We have shown that OREN produces a non-
truncated SDF efficiently (Sec. 6.2) and Bubble*
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(b)

Fig. 9: Fully onboard flight in an indoor envi-
ronment: (a) A quadrotor circles a set of obstacles
with yaw fixed along the acceleration direction; (b)
OREN reconstructs SDF online (shown as gray mesh
extracted from the surface), Bubble* plans a bubble
corridor (cyan) and optimizes a quadrotor trajectory
(red), all computed in real time.

plans safe dynamically feasible trajectories using
the non-truncated SDF values (Sec. 6.3). We now
validate our integrated approach in real-world
flight, with OREN mapping and Bubble* plan-
ning running onboard a quadrotor equipped with
a Jetson Orin NX. The UAV navigates a pre-
viously unseen indoor environment, building the
SDF online from streaming depth measurements
and planning safe corridors in real time.



(b)
Fig. 10: (a) Mesh extracted from OREN SDF
onboard the quadrotor in real time and a looping
trajectory (red) obtained by concatenating several
Bubble* plans into a single bubble sequence. (b) The
robot executing the planned trajectory.

Fig. 9a shows a representative deployment of
our method. OREN runs at 7 Hz to provide the
mesh shown in Fig. 9b. Bubble* uses the SDF val-
ues from OREN to generate the trajectory shown
in Fig. 9b. Beyond point-to-point planning, sev-
eral Bubble* plans can be concatenated into a
single sequence of overlapping bubbles, letting the
quadrotor follow a longer, more complex route
while preserving the per-segment clearance guar-
antees of Sec. 5.3. Fig. 10a shows a multi-segment
trajectory executed onboard, threading a loop-
ing path through the SDF mesh reconstructed
during the flight. This trajectory is created by
selecting three waypoints and sequentially plan-
ning from one to the next. We then concatenate
these sequences of bubbles and find a single tra-
jectory through the entire route. Table 5 shows
statistics on computation time, clearances, and
trajectory lengths for this multi-segment trajec-
tory. The planner maintains a safe distance from
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Table 5: Runtime and tracking performance for the
trajectory shown in Fig. 10b. Clearance values are
shown after accounting for the robot footprint.

Planning time (Bubble*) 76.96 ms
Optimization time 142.33 ms
Total plan time 219.30 ms
Min. obstacle distance, planned 0.313 m
Min. obstacle distance, flown 0.169 m
Flown clearance (p5 / median) 0.297 / 0.804 m
Segments / pieces 3/39
Trajectory duration 17.38 s

obstacles as it navigates around them. Fig. 10b
visualizes the robot flying this trajectory.

These results show that combining an SDF
map with a planner that exploits SDF to con-
struct safe corridors for trajectory optimization
makes safe autonomous flight tractable under
tight compute and memory budgets.

7 Conclusion

This paper developed an efficient unified approach
for SDF reconstruction and SDF-accelerated
motion planning for safe autonomous flight. Our
mapping method, OREN, reconstructs differen-
tiable non-truncated SDF online by combining
an explicit octree prior with an implicit neural
residual, attaining the accuracy of neural network
methods at the memory and runtime efficiency of
volumetric ones. Exploiting the SDF representa-
tion, Bubble* constructs a graph of collision-free
bubbles, which forms a safe corridor with guar-
antees of termination, completeness, and failure
detection. Such a bubble corridor defines safety
constraints for dynamically feasible trajectory
optimization. Compared with baselines, Bubble*
is the only method that pairs a compact high-
clearance corridor with a smooth underlying path,
which keeps both its search and its trajectory
optimization fast.

We demonstrate the integrated mapping
and planning approach running fully onboard
a quadrotor in real time. This shows that
an accurate implicit map representation makes
autonomous flight tractable under tight onboard
resources. In our experiments, OREN maintains
real-time speed while supplying the continuous
differentiable SDF that occupancy-grid mappers
cannot, and Bubble* exploits this representation



to issue 91-99% fewer collision checks than A*
and to attain the lowest total planning time
while matching the shortest path. Together, these
results enable the complete mapping and planning
loop to run efficiently onboard a Jetson Orin NX.
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