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Abstract—Autonomous navigation in dense, dynamic clutter
remains a fundamental challenge for Unmanned Aerial Vehicles
(UAVs) due to the heterogeneous obstacle scales and complex
motion patterns. Existing methods often rely on fragile explicit
tracking or noise-sensitive implicit flow estimation, both of which
struggle with irregular geometries and real-time constraints.
We propose D-Nav, a novel end-to-end reinforcement learning
framework that directly maps raw LiDAR observations to control
actions through a saliency-driven dual-resolution spatio-temporal
representation. At the global level, D-Nav constructs a spatio-
temporal spherical depth representation that encodes scene
structure and motion trends directly from sequential LiDAR
measurements. Building on this global context, a saliency-based
refinement mechanism is designed to identify dynamically critical
regions and extract fine-grained geometric and motion cues at
the local level. This formulation enables the policy to reason
about both large-scale dynamic context and small, irregular,
fast-moving obstacles in complex dynamic environments. In
addition, D-Nav introduces a new mission-aware waypoint-goal
condition mechanism that explicitly guides the policy to balance
collision avoidance with the need to traverse task-critical regions.
Extensive simulations demonstrate a significant improvement
in navigation success, increasing from 0.37 to 0.56 in complex
dynamic environments. Real-world experiments further validate
the robustness and real-time capability of the proposed system
across diverse dynamic scenarios. The code is available at
https://github.com/qinliangql/D-NAV.git.

I. INTRODUCTION

Unmanned Aerial Vehicles (UAVs) are increasingly essen-
tial across a wide range of industries, from search and rescue
and industrial inspection to urban logistics [6, 17, 34, 11, 8, 9,
22, 35, 12, 1, 21, 20]. However, achieving autonomous navi-
gation in dense, dynamic environments remains a fundamental
challenge in robotics. Safe flight in such scenarios requires a
system that simultaneously analyzes the various geometries
and captures the motion trends of obstacles. The primary
difficulty stems from the vast diversity of potential obstacles,
ranging from large, moving barriers to thin, irregular structures
such as wires or branches. Robust navigation demands a
system that generalizes across these varied geometries while
maintaining the temporal sensitivity necessary for high-speed
maneuvers.
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Fig. 1. The D-Nav framework for robust autonomous navigation in dense,
dynamic environments. We decompose the navigation challenge into three
synergistic dimensions: (1) Global Perception establishes a wide-field spatio-
temporal view to capture overall scene structure and motion tendencies,
facilitating Dense Dynamic Navigation and Outdoor Obstacle Avoidance;
(2) Local Perception employs saliency-driven refinement to extract fine-
grained geometric and motion cues, enabling the system to resolve micro-
scale and agile threats like Traversing Thin Wires and Evading Fast Objects;
and (3) Way-Goal Condition modulates decision-making to balance reactive
safety with mission-critical progress, supporting purposeful maneuvers such
as Sequential Ring Traversal and Mission-Guided Navigation.

Existing navigation methods struggle to meet these re-
quirements. Some approaches [13, 14, 24, 26, 32, 25] rely
on explicit object detection and tracking to model dynamic
entities, while such strong geometric or semantic priors limit
their versatility. Consequently, these methods become fragile
when facing irregular obstacles—like rotating structures or
continuously moving surfaces—that are difficult to cluster.
Conversely, implicit motion estimation [4, 5, 2, 10, 28] tech-
niques, such as those employing optical flow, accommodate
more motion patterns but necessitate low-resolution processing
to meet real-time constraints. This low resolution introduces
significant noise, making it difficult to detect small-scale obsta-
cles or resolve precise motion in tight, high-speed situations.

To address these challenges, we introduce D-Nav, a novel
end-to-end reinforcement learning–based navigation frame-
work for autonomous flight in dense dynamic environments
using a single LiDAR sensor. The framework develops
a saliency-driven dual-resolution spatio-temporal perception
module and a mission-aware condition mechanism, as illus-
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trated in Fig. 1, to address multi-scale environmental dynamics
and mission-driven navigation demands. The dual-resolution
module provides a coherent global view of scene structure
and motion trends, and adaptively preserves local geometric
details where salient dynamic interactions occur. The way-
goal condition mechanism steers policy execution toward
task-relevant regions, thereby reconciling immediate collision
avoidance with mission objectives.

D-Nav first constructs a global spatio-temporal represen-
tation from sequential LiDAR frames to capture large-scale
structure and dominant motion tendencies. Concretely, raw
lidar point clouds are projected into a spherical depth view
and stacked over time to preserve wide angular coverage
and temporal continuity. A lightweight encoder processes
this stacked volume to produce spatio-temporal features that
highlight scene-level dynamics such as bulk motion, approach
vectors, and broadly occluding structures. These global fea-
tures provide the policy with coherent contextual information
that supports anticipatory navigation decisions.

While global context captures coarse dynamics, it is insuf-
ficient for resolving fine geometric details that directly affect
collision safety. D-Nav therefore designs a saliency-driven
refinement module to identify regions that exhibit strong
temporal saliency. Such regions are characterized by rapid
changes in depth or motion patterns and indicate potential
local interactions. Within such regions, the framework em-
phasizes fine-grained geometric and motion cues derived from
raw LiDAR point clouds. Local features are extracted from
the identified regions using a shared multi-layer perceptron
(Shared MLP), and temporal variation features are obtained
through a differential MLP (Diff MLP), enabling precise
observation of local geometry and motion. This local branch
enables the policy to account for small, irregular, and fast-
changing obstacles that are overlooked at the global scale.

Beyond perception, effective navigation in dynamic environ-
ments requires integrating both reactive safety behaviors and
mission objectives within a unified decision-making process.
D-Nav addresses this requirement by incorporating a mission-
aware Way-Goal Condition into the reinforcement policy,
which computes progress toward intermediate waypoints to
adaptively modulate the state encoding and explicitly guide
task execution. All perception features and way-goal state
features are fused and provided to a deep reinforcement learn-
ing policy, which maps the combined observations directly
to control actions. The policy is trained end-to-end through
interaction with dynamic environments, optimizing for both
safe navigation and task completion.

Extensive experiments conducted in large-scale simulated
environments populated with hundreds of heterogeneous static
and dynamic obstacles demonstrate a substantial performance
improvement. In the most challenging dynamic scenarios, the
proposed method improves the state-of-the-art success rate
from 0.37 to 0.56. Real-world deployments further validate
the robustness and real-time efficiency of the system, showing
that the UAV reliably handles sudden dynamic disturbances
across diverse environments and task configurations.

II. RELATED WORK

A. Explicit Object-aware Motion Modeling

Traditional strategies for navigating dynamic environments
typically partition the problem into discrete detection, track-
ing, and planning phases. Early reactive frameworks employ
artificial potential fields generated by moving events [3] or
utilize Model Predictive Control (MPC) for real-time trajectory
refinement [31]. While computationally efficient, these local
optimization techniques often prioritize immediate safety at
the expense of global task efficiency, leading to suboptimal
behaviors in high-speed scenarios. More sophisticated systems
attempt to bridge this gap by integrating geometric clustering
with static occupancy mapping to facilitate long-term pre-
diction [13, 14, 24]. However, these sequential pipelines are
prone to error propagation; any failure in the tracking module
directly leads to unreliable planning.

Recent research attempts to replace these rigid pipelines
with learning-based object-aware strategies, where detection
results are encoded into compact state vectors or spatial images
[26, 32]. Although these methods enhance adaptability, they
inherit the fundamental vulnerabilities of their detection and
tracking front-ends. Specifically, they remain fragile when en-
countering unconventional geometries or non-semantic obsta-
cles that do not conform to predefined categories. Furthermore,
the reliance on explicit object instances causes computational
complexity to scale poorly as the number of agents increases.
In contrast, our approach uses a detection-free paradigm. By
treating the environment as a unified spatio-temporal structure,
our system remains robust across diverse geometries without
relying on fragile tracking modules.

B. Implicit Motion Perception

Directly mapping sensory observations to control actions
allows for high-frequency inference and improved robust-
ness to unmodeled disturbances. End-to-end controllers utilize
single-frame LiDAR scans [18, 29] or low-resolution depth
maps [33], yet these static representations fail to generalize to
dynamic settings where obstacle velocity constitutes a primary
threat. To capture temporal dependencies, subsequent works
employ the integration of past scan vectors into temporal im-
ages [5]. However, without explicit supervision, these models
often struggle to isolate meaningful motion patterns from raw
data, leading to poor generalization in new dynamic scenes.

More explicit motion awareness is explored through spe-
cialized feature extraction, such as point cloud alignment [2]
or recurrent architectures including Long Short-Term Memory
(LSTM) networks [7]. While these methods improve safety,
the specialized modules often introduce training instabilities
when co-optimized within a reinforcement learning frame-
work. State-of-the-art architectures attempt to mitigate this by
incorporating flow-aided representations, aligning geometric
history with pixel-level motion semantics [28]. Nevertheless,
these flow-based paradigms remain constrained by a critical
resolution-efficiency trade-off. To maintain real-time perfor-
mance, flow estimation is typically performed at low spatial



resolutions, where quantization noise and sampling sparsity
obscure micro-scale obstacles and motion cues. Our work
addresses this bottleneck by introducing a dual-resolution
architecture. Instead of relying on noisy explicit flow, we
combine a macro-scale spatio-temporal view with a saliency-
driven refinement. This approach preserves fine details where
they matter most, ensuring safety across different obstacle
scales and speeds.

III. METHOD

A. Problem Formulation

We model the autonomous navigation task as a Partially
Observable Markov Decision Process (POMDP) [19]. At each
time step t, the agent receives an observation:

Ot = {PCt,Xt, ct}. (1)

Here, PCt represents the raw LiDAR point cloud, and
Xt = [pt,vt,at]

⊤ ∈ R9 encapsulates the UAV’s position,
velocity, and acceleration in the local inertial frame. The goal
is denoted by gt ∈ R3, while ct ∈ {0, 1} indicates the traversal
status of intermediate waypoints. To ensure representational
consistency and invariance to global rotations, the UAV’s yaw
is strategically aligned with the direction of gt − p0 at each
step. The policy π(At+1|Ot) maps these observations to a
normalized action vector At = [v̂t+1]

⊤. The primary objective
is to optimize π to maximize the expected cumulative return
for safe and goal-directed flight through dynamic clutter.

B. System Framework

The overall architecture of D-Nav is illustrated in Fig. 2.
The system is designed as an end-to-end reinforcement learn-
ing framework that maps raw LiDAR point clouds and the
robot’s kinematic state directly to agile control commands.
To address the challenges posed by heterogeneous obstacle
scales and rapidly moving dynamics, D-Nav introduces a new
dual-resolution spatio-temporal perception architecture that
decomposes environmental understanding into complementary
global and local reasoning processes.

Specifically, we design a global spatio-temporal percep-
tion branch that projects sequential LiDAR observations into
a spherical depth representation. Consecutive depth grids
{Dt, Dt−1, Dt−2} are stacked along the temporal dimension
and encoded by a CNN backbone to extract global spatio-
temporal features Fglobal. This branch provides the policy with
a comprehensive understanding of the environmental topology
and the general motion trends of obstacles. Simultaneously,
we introduce a novel saliency-driven local perception branch
to explicitly address fine-grained, safety-critical interactions
that struggle at the global resolution. This module identifies
the Top-K temporally salient regions exhibiting significant
depth difference, which are indicative of rapid local motion or
geometric discontinuities. Within these regions, point subsets
from consecutive frames are encoded by a shared MLP to
produce time-aligned features {Ft, Ft−1, Ft−2}. A differential
encoding module (Diff-MLP) then leverages these features to
model local motion residuals across frames, yielding Fdiff .

Finally, the motion-aware local feature Flocal is formed by
concatenating Fdiff with the current-frame feature Ft.

The final stage of the architecture integrates these dual-
resolution features with the UAV state. The robot’s kinematic
data and mission-critical information are processed through a
dedicated state encoder, which incorporates our proposed Way-
Goal Condition mechanism to manage transitions between
intermediate waypoints and the final destination. The resulting
feature vector Fstate is concatenated with Fglobal and Flocal,
and further fed into the Action Net. This network outputs
the optimal velocity commands v̂t+1 required for safe, goal-
directed flight in complex dynamic environments.

C. Spatio-Temporal Depth Projection for Global Branch

Temporal point cloud alignment. To make the learned policy
invariant to the drone’s heading and robust to high-frequency
motion, we first transform the raw LiDAR stream into a goal-
aligned coordinate system.

Let PCori
t ∈ RM×3 be the raw point cloud captured in

the UAV’s body frame at time t, with the drone’s orientation
defined by (ϕ, θ, ψ) representing pitch, roll, and yaw. We
define a reference yaw angle, ψ0, aligned with the vector
pointing from the UAV to the current goal in the XY -plane.
To remove the influence of the UAV’s attitude, the point cloud
is rotated into a local frame aligned with ψ0:

PCproj
t = Rz(ψ0 − ψ)Ry(−θ)Rx(−ϕ)PCori

t . (2)

During this transformation, points beyond a predefined sensing
radius rs (e.g., 5m) are truncated to save computational re-
sources on the immediate collision volume. To maintain a con-
sistent spatio-temporal representation, historical point clouds
from previous timestamps (PCt−1,PCt−2) are transformed
into the current local coordinate system. Since all frames
share the same goal-aligned orientation ψ0, this alignment is
primarily achieved through a translational shift, while further
accounting for the UAV’s instantaneous orientation residuals:

PCproj
t−k→t = R∆ψ−1

(
PCproj

t−k +R−1
0 (pt−k − pt)

)
, (3)

where pt and pt−k are the global positions, R0 is the rotation
of the fixed goal-aligned frame, and R∆ψ compensates for
small heading deviations from ψ0 at each timestamp.
Spherical depth projection. The aligned point clouds are then
discretized into a structured spherical depth grid. For a point
(x, y, z), its spherical coordinates (d, ϕh, θv) are calculated as:

d =
√
x2 + y2 + z2, ϕh = atan2(y, x), θv = asin(z/d). (4)

Points outside the reliable vertical field-of-view [θmin, θmax]
are filtered, where d denotes the Euclidean distance from the
point to the UAV body center. Each point is then mapped to a
specific grid cell (u, v) based on angular resolutions ∆ϕ and
∆θ:

u = ⌊ϕh//∆ϕ⌋, v = ⌊θv//∆θ⌋. (5)

The depth value for each grid cell Du,v is defined as the
minimum radial distance dmin among all points projected into
that cell. If no point falls into a given cell, the depth value is set
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Fig. 2. Overview of the D-Nav framework. The architecture processes sequential LiDAR point clouds through two parallel streams: (1) The Global Branch
aggregates temporal stacks of spherical depth projections using a CNN backbone to capture scene-level structure and motion tendencies; (2) The Local Branch
performs saliency-driven refinement by selecting Top-K temporal bins with high depth variance and extracting fine-grained geometric features from sampled
points. These perceptual features (Fglobal, Flocal) are fused with the UAV State and Way-Goal Condition to feed the Action Net. The framework is trained
via reinforcement learning, where the policy generates optimal control commands v̂t+1 by resolving complex motion gradients from heterogeneous obstacles
to ensure safety-critical and goal-oriented flight.

to a max sensing range rs. This yields a temporal sequence of
depth maps {Dt, Dt−1, Dt−2} that captures the macro-scale
environmental topology.
Spatio-temporal global encoding. To synthesize these dis-
crete representations into a motion-aware context, the temporal
sequence of depth maps {Dt, Dt−1, Dt−2} is concatenated
along the channel dimension to form a spatio-temporal volume
V ∈ R3×H×W . This volume is subsequently processed by a
CNN-based backbone. The network employs a series of con-
volutional layers with progressively increasing receptive fields,
enabling the extraction of both static environmental topology
and macro-scale motion gradients across consecutive frames.
The resulting high-dimensional feature maps are flattened
and passed through an MLP-based integration layer, which
compresses the spatial information into a compact global
feature vector Fglobal. This global representation leverages the
temporal consistency of the depth sequence. It provides a clear
understanding of the scene geometry and the motion of large
obstacles.

D. Saliency-Driven Refinement For Local Branch

Temporal saliency estimation. While depth grids effectively
represent global geometry, the discretization process inevitably
obscures micro-scale obstacles. We address this by introduc-
ing a saliency-driven mechanism to selectively refine regions
containing critical motion or geometric details. As visualized
in Fig. 3, the refinement process begins by quantifying the
temporal saliency Su,v of each grid cell (u, v) based on the
cumulative depth difference across the temporal window:

Su,v = |Du,v,t −Du,v,t−1|+ |Du,v,t−1 −Du,v,t−2|. (6)

Bin-level saliency aggregation. To bridge the gap between
fine-grained grid cells and coarser processing units, we define
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Fig. 3. Visualization of the saliency-driven refinement pipeline. Temporal
LiDAR point clouds are projected into multi-frame depth grids, where deep
blue regions denote the maximum sensing range. By computing the cumulative
temporal depth variation (“Diff Depth”), the system identifies high-saliency
bins (pink rectangle) likely containing dynamic or critical geometric features.
Finally, raw point subsets are retrieved specifically from these top-K bins
(i.e., the points in the pink volume), facilitating high-fidelity local feature
extraction while filtering out static background noise.

the saliency of each bin Bm,n as the maximum variation
among its constituent cells:

Sm,n = max{Su,v | (u, v) ∈ Bm,n}, (7)

where the indices (u, v) are mapped to the bin Bm,n via
the downsampling relations m = ⌊u/∆ubin⌋ and n =
⌊v/∆vbin⌋(e.g. m = 6, n = 2). Based on this metric, we select
the top-K bins with the highest saliency scores for refinement.

By leveraging the bin indices assigned during the initial
projection phase, the system directly retrieves the raw point
subsets {PCB,t,PCB,t−1,PCB,t−2} associated with the se-
lected bins. This indexing strategy avoids expensive clustering.
It takes advantage of the spherical distribution of LiDAR data,
where objects are naturally separated by their angles relative
to the sensor. This “zero-cost” segmentation ensures that high-
fidelity geometric features are preserved specifically where



environmental dynamics are most prominent.
Local sampling and encoding. Building on these efficiently
retrieved point subsets, we further design a lightweight local
sampling and encoding pipeline to minimize processing la-
tency. Instead of adopting time-cost Farthest Point Sampling
(FPS) [16], we employ a centroid-based sampling strategy. For
each selected bin, we compute the spatial centroid cB of the
points. We then select the Nsample (e.g., 16) points nearest to
cB to represent the local geometry of each salient bin.

For each bin, the sampled point sets from consecutive
frames are independently processed by a shared MLP, yielding
per-frame bin-level geometric features {Ft, Ft−1, Ft−2}. To
capture local temporal variation within the same bin, we
further introduce a differential encoding module (Diff MLP),
which takes the multi-frame features as input and learns mo-
tion residual representations across frames, producing Fdiff .
Finally, the motion-aware local feature of each bin is formed
by concatenating Fdiff with the current-frame feature Ft.
Features from multiple selected bins are then concatenated to
construct the overall local representation Flocal.

E. Way-Goal Condition

Autonomous navigation requires balancing reactive safety
and mission progress across different task stages. In our
setting, the mission is specified as a sequence of navigation
targets, including intermediate waypoints for traversal-critical
regions and a final goal for task completion. These targets are
provided by a higher-level planner or the experimental setup
and are updated online as the UAV progresses.

To encode task-stage information in a unified manner, we
introduce the Way-Goal Condition, which couples the current
navigation stage with the relative kinematic relationship be-
tween the UAV and its active target to guide policy behavior.
We use a binary indicator ct ∈ {0, 1} to denote the type
of the active target, where ct = 0 indicates an intermediate
waypoint and ct = 1 the final goal. The indicator reflects the
current task stage without enforcing explicit traversal rules.
The active target is updated online when a proximity threshold
(e.g., 0.5m) is reached, and ct switches only upon transitioning
to the final goal.

Task progress is primarily conveyed through continuous rel-
ative state encoding. Given the UAV position pt and the active
target gt, we compute the relative displacement ∆pt = gt−pt

and rotate it into a goal-aligned reference frame ψ0:

p̃t = Rz(−ψ0)∆pt. (8)

The rotated vector is decomposed into a normalized direction
êt and planar and vertical distance components (dxy, dz),
preserving vertical structure in sparse environments. The UAV
velocity vt and acceleration at are similarly transformed
into the same frame, yielding v′

t and a′t. The maximum
allowable speed vmax is appended to indicate action scaling.
All mission-related signals are combined into the state vector
st = [êt, dxy, dz,v

′
t,a

′
t,vmax, ct], which is processed by an

MLP-based state encoder to produce Fstate. Through this
formulation, the Way-Goal Condition serves as a conditioning

mechanism on the state representation, enabling the policy
to adapt its implicit risk preference and traversal behavior
according to the current task stage and spatial context, rather
than relying on explicit rule-based switching.

F. Reinforcement Learning

The encoded state Fstate is concatenated with perception
features Fglobal and Flocal to form the complete latent obser-
vation Ftotal. The Action Net, a lightweight MLP, maps Ftotal

to a normalized control vector At+1 = [v̂t+1]
⊤ ∈ [−1, 1]3,

which is scaled by vmax to obtain physical velocity com-
mands. The policy is trained end-to-end under an RL objective
that balances collision avoidance and mission progress.
Two-stage training. The proposed navigation policy is trained
using the Proximal Policy Optimization (PPO) [23] algorithm
within the NVIDIA Isaac Sim [15, 27] environment, which
provides high-fidelity physical simulations and efficient par-
allelization. To ensure the UAV develops robust obstacle-
avoidance and mission-specific task capabilities, we adopt a
two-stage training strategy. In the first, foundational safety-
priority stage, the policy is trained using the base reward
Rbase to enable reliable collision-free navigation and direct
goal-reaching, which already suffices for most generic navi-
gation scenarios. In the second, mission-oriented fine-tuning
stage, the same policy is further optimized with an additional
functional reward Rfunc, where the Way-Goal Condition
mechanism is activated to handle mission constraints such as
waypoint traversal.
1) Foundational safety-priority stage. The foundational re-
ward Rbase is designed to balance progress, safety, and control
smoothness. The progress reward Rv incentivizes the UAV to
maximize its velocity projection along the normalized relative
vector to the target:

Rv =

{
0.01 · (v′

t · êt), |pg − pt| ≤ 3

v′
t · êt, otherwise,

(9)

where v′
t is the current velocity and êt is the normalized

direction toward the target. The reduced scaling factor applied
within a 3m radius of the goal attenuates aggressive forward
motion, promoting cautious approach behavior while preserv-
ing sufficient control authority for collision avoidance during
the final phase of navigation.

To encourage the maintenance of a safe operational enve-
lope, we define a safety reward Rs as the mean value of the
projected spherical depth grid, promoting trajectories through
more open volumes:

Rs = rs −
∑

di/ND, di ∈ Dt, (10)

where ND denotes the number of grids in Dt, and rs is the
maximum sensing range.

To prevent collisions and discourage proximity to hazards,
an exponential penalty Rc is applied when the UAV enters a
safety buffer of 0.5m:

Rc = −e
0.5−min(Dt) − 1

e0.2 − 1
× 3, if min(Dt) ≤ 0.5m. (11)
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Fig. 4. Four distinct simulation scenarios categorized by dynamic complexity:
(A) Dense Static; (B) Simple Dynamic; (C) Medium Dynamic; and (D)
Complex Dynamic. Dynamic obstacles are highlighted in green to differentiate
them from static entities.

This formulation ensures that the penalty grows sharply as
the distance approaches the collision threshold. Additionally, a
smoothness penalty Rm is applied to minimize abrupt changes
in control inputs:

Rm = −λv(|vt−vt−1|+|vt−1−vt−2|)−λa|at−at−1|, (12)

where λv, λa are weighting factors. Including the out boundary
penalty Ro = −5 and the goal reward Rg = 3, the total reward
for the foundational stage is:

Rbase = 1 +Rv +Rs +Rg +Rm +Rc +Ro. (13)

2) Mission-oriented stage. In the second stage, we extend
the policy’s capability to handle structured obstacles, such as
rings, arches, and gates. A waypoint is assigned to the center of
one such structure, and the agent must traverse this waypoint
before the final goal reward becomes active. To explicitly
reward successful traversal, we define two checkpoints located
0.3m before and after the structure’s center, perpendicular to
its plane. A crossing reward Rcross is awarded incrementally:
a value of 3 is granted when the UAV reaches the first
checkpoint, and a value of 10 is awarded upon passing the
second, ensuring that the agent learns to pass through the
structure rather than merely approaching its vicinity. The
combined reward for this functional expansion stage is

Rfunc = Rbase +Rcross, (14)

where Rg in Rbase is only attainable following the successful
completion of the waypoint crossing.

IV. EXPERIMENTS

A. Experimental Setup

The simulation experiments are conducted in NVIDIA Isaac
Sim [15, 27], which provides realistic UAV dynamics and
sensor modeling. As shown in Fig. 4, we construct a bench-
mark with four scenarios of increasing difficulty: (i) Dense
Static, featuring 300 randomly distributed static obstacles; (ii)

Simple Dynamic, with 200 static and 80 linear-moving agents;
(iii) Medium Dynamic, containing 200 static and 100 obsta-
cles exhibiting linear or non-linear motion (e.g., rotations);
(iv) Complex Dynamic, which further intensifies the medium
scenario with expanded obstacle size and increased motion
velocities. The UAV is initialized at one boundary, with the
target placed at a different boundary.

The D-NAV policy is trained only in the Medium Dynamic
scenario using a two-stage procedure: 50k episodes of safety-
priority training followed by 20k episodes of mission-oriented
fine-tuning. Training uses a batch size of 256, a learning
rate of 5 × 10−4, and an episode horizon of 1500 steps at
a control frequency of 20 Hz. Generalization is evaluated
across all scenarios with multiple random seeds. Training
and inference are performed on an NVIDIA A100 GPU and
an Intel 8575C CPU. All experiments are conducted in a
40×40×4.5 m3 arena, where success requires reaching within
0.5m of the target while maintaining a minimum obstacle
distance dmin ≥ 0.3m. For fair comparison, the maximum
flight speed is limited to 3m/s for all methods. Real-world ex-
periments are carried out on a custom quadrotor equipped with
a Jetson NX and a Mid360 LiDAR, with position estimation
provided by Fast-LIO [30].

B. Comparative Benchmarking in Simulation

We compare D-Nav with state-of-the-art learning-based and
traditional rule-based baselines. These include NavRL [32],
which utilizes explicit tracking and prediction; FHD [5]: an
end-to-end depth-field approach that processes temporal depth
sequences; FAF [28]: a flow-aided method that computes
optical flow from lidar depth maps; FOP [29]: a direct point-
cloud RL policy. Traditional methods such as FAPP [14]
(clustering-based motion awareness) and EGO-Planner [34]
(static mapping) are also included. All learning-based base-
lines are fine-tuned in the same Isaac Sim environment for fair
comparison, while D-Nav is evaluated using the base policy
trained in the safety-priority stage.

As shown in Table I, D-Nav significantly outperforms both
learning-based and rule-based methods in dynamic environ-
ments. In the Complex Dynamic scenario, D-Nav achieves
a 56.2% success rate, corresponding to a 53.1% relative
improvement over the strongest baseline (FAF, 36.7%). Tra-
ditional planners perform competitively in static scenes but
degrade sharply in dynamic settings due to the lack of motion
awareness. While FHD and FOP maintain higher average
speeds, their collision rates exceed 80% in complex scenes,
indicating poor safety. D-Nav consistently achieves higher suc-
cess rates with low collision rates in both Medium and Simple
Dynamic scenarios, demonstrating robust generalization across
different dynamic scenes. In Dense Static, NavRL attains a
success rate of 0.925 with a velocity of 0.85 m/s. In contrast,
our D-Nav speedups the velocity by 180% while achieving a
competitive success rate of 0.887, realizing a better balance
between efficiency and safety.

Fig. 5 qualitatively compares trajectories in the Medium
Dynamic scenario with identical start and goal positions.



Scenario Method SR ↑ CR ↓ Vel ↑

Complex
Dynamic

Ego [34] 0.000±.00 1.000±.00 1.73
FAPP [14] 0.110±.08 0.863±.08 1.67
NavRL [32] 0.257±.07 0.726±.07 0.81
FOP [29] 0.113±.05 0.851±.05 2.86
FHD [5] 0.187±.08 0.812±.08 2.89
FAF [28] 0.367±.06 0.624±.07 2.05
D-NAV(Ours) 0.562±.06 0.406±.06 2.11

Medium
Dynamic

Ego [34] 0.000±.00 1.000±.00 1.79
FAPP [14] 0.196±.08 0.782±.08 1.68
NavRL [32] 0.407±.07 0.582±.07 0.84
FOP [29] 0.119±.06 0.851±.06 2.88
FHD [5] 0.257±.07 0.726±.07 2.93
FAF [28] 0.429±.05 0.515±.05 2.14
D-NAV(Ours) 0.639±.05 0.359±.05 2.33

Simple
Dynamic

Ego [34] 0.103±.08 0.885±.08 2.15
FAPP [14] 0.463±.05 0.501±.05 2.17
NavRL [32] 0.496±.06 0.448±.06 0.94
FOP [29] 0.235±.04 0.726±.05 2.97
FHD [5] 0.364±.05 0.632±.05 2.99
FAF [28] 0.608±.05 0.382±.05 2.69
D-NAV(Ours) 0.710±.04 0.289±.04 2.68

Dense
Static

Ego [34] 0.809±.03 0.136±.03 2.13
FAPP [14] 0.794±.03 0.158±.03 2.24
NavRL [32] 0.925±.05 0.074±.05 0.85
FOP [29] 0.871±.05 0.092±.05 2.96
FHD [5] 0.598±.05 0.373±.05 2.98
FAF [28] 0.742±.04 0.246±.04 2.31
D-NAV(Ours) 0.887±.04 0.110±.04 2.40

TABLE I
QUANTITATIVE PERFORMANCE COMPARISON AGAINST

STATE-OF-THE-ART BASELINES ACROSS DIVERSE SIMULATED SCENARIOS.
RESULTS ARE REPORTED AS MEAN±STD . “SR” DENOTES SUCCESS RATE,

“CR” DENOTES COLLISION RATE, AND “VEL” REPRESENTS THE
AVERAGE VELOCITY (M/S). BOLD AND SHADED VALUES INDICATE THE

BEST AND SECOND-BEST RESULTS, RESPECTIVELY.

NavRL collides with a thin moving obstacle, while FAF fails
under rotating motion, reflecting the limits of low-resolution
flow estimation. D-Nav successfully avoids both hazards and
reaches the goal, demonstrating its ability to reason about
global scene evolution and localized high-risk dynamics.

C. Ablation Study

1) Way-Goal Condition: To evaluate the trade-off between
reactive safety and mission objectives, we conduct a “ring-
crossing” task in simulation, requiring the UAV to navigate
narrow, high-risk apertures (Fig. 6A). Table II reveals that
foundational RL policies, including NavRL, FAF, and our
base model, consistently fail the mission. This is primarily
attributed to their safety-first optimization objectives, which
prioritize collision avoidance and encourage the agent to de-
tour around structural constraints rather than traversing them.

（A） NavRL （B） FAF （C） Ours

End Point

Start PointStart PointStart Point

Collision

Collision

Fig. 5. Qualitative trajectory comparison in the Medium Dynamic scenario
under identical environment initialization, start, and goal configurations. (A)
NavRL [32] collides with a thin moving obstacle due to limited sensitivity
to small-scale dynamics. (B) FAF [28] fails when encountering a rotating
obstacle, illustrating the fragility of low-resolution flow estimation under
non-linear motion. (C) D-Nav (Ours) successfully avoids both obstacles and
reaches the goal, benefiting from saliency-driven local refinement and global
spatio-temporal awareness.

（A） Cross in Simulator （B） Cross in RealWorld

Fig. 6. Qualitative evaluation of mission-oriented navigation. (A) The ring-
crossing simulation environment, featuring static structural obstacles (red) and
potential dynamic disturbances (green). (B) Successful real-world deployment
where the policy generalizes to physical constraints; the light trails illustrate
the UAV’s stable trajectory as it purposefully traverses the rings despite
environmental noise and dynamic disturbances.

For the ablation variants, introducing the Way-Goal Con-
dition during the crossing-oriented stage fine-tuning, with the
reward unchanged, yields a moderate increase in cross rate
with only a slight rise in collisions, indicating more structured
task guidance. In contrast, applying the crossing reward Rcross

without the Way-Goal Condition significantly increases the
cross rate but also raises collision risk, reflecting overly
aggressive traversal. When both are applied in the full model,
the Way-Goal Condition effectively moderates the behavior
induced by Rcross, achieving the highest success rate with
fewer collisions than the reward-only variant. This shows that
structured goal conditioning and crossing-oriented fine-tuning
work synergistically to enable stable task-level navigation.

2) Dual Resolution Perception: We analyze how the per-
ception architecture affects navigation in dynamic conditions
via ablation in the Medium Dynamic scenario (Table III). Re-
lying solely on Global Perception provides a baseline success
rate of 54.0%, confirming macro-topology as the navigation
backbone. Integrating Local Refinement, where Top-3 salient



Method Cross Rate ↑ Collision Rate ↓ Success Rate ↑

NavRL [32] 0.032±.03 0.314±.04 0.010±.01

FAF [28] 0.091±.06 0.297±.06 0.040±.04

Ours (Base) 0.107±.05 0.252±.05 0.064±.05

Ours (+way-goal) 0.262±.05 0.305±.06 0.158±.05

Ours (+Rcross) 0.430 ±.06 0.563±.06 0.249±.06

Ours (Full) 0.614±.05 0.476±.05 0.511±.05

TABLE II
QUANTITATIVE RESULTS OF THE RING-CROSSING TASK. THE TABLE

COMPARES BASELINE METHODS WITH OUR METHOD AND ITS ABLATION
VARIANTS, HIGHLIGHTING THE EFFECTS OF THE WAY-GOAL CONDITION

MECHANISM AND THE CROSSING-ORIENTED TRAINING OBJECTIVE.

Method Success Rate ↑ Collision Rate ↓

Only Global Perception 0.540±.05 0.457±.05

Only Local Perception 0.273±.07 0.754±.07

Top-1 Bin Local + Global 0.552±.05 0.446±.05

Top-3 Bin Local + Global 0.639±.05 0.359±.05

Top-6 Bin Local + Global 0.628±.06 0.371±.06

Window Size ∆t = 6 0.642±.07 0.357±.07

With Noise(µsense = 0.3m) 0.610±.07 0.388±.07

TABLE III
ABLATION STUDY OF THE DUAL-RESOLUTION PERCEPTION

ARCHITECTURE CONDUCTED IN THE MEDIUM DYNAMIC SCENARIO.

regions are selected for refinement, increases the success rate
to 63.9% by resolving high-fidelity motion cues and fine-
grained geometries otherwise blurred in coarse representations.
System performance is sensitive to refinement density: using
only the highest-saliency region (Top-1 bin) yields marginal
improvement, while excessive refinement (Top-6 bins) reduces
success to 62.8% due to extra representational noise. Ex-
panding the temporal window from 3 to 6 frames produces
only minor gains with a higher computational cost. Moderate
noise injection into the LiDAR range measurements and UAV
position causes slight degradation, indicating that the method
is efficient and robust to sensing perturbations.

D. Real-World Flight and Generalization

We evaluate D-Nav in a cluttered real-world scene with
dense obstacles and dynamic disturbances over 20 trials
(Fig. 7A). D-Nav achieves an 80% success rate (Table IV),
significantly outperforming baseline methods. Runtime per-
formance is evaluated on the Jetson NX platform (Table V),
where Data Process refers to perception-side preprocessing
and Action Generate corresponds to policy inference. By rely-
ing on lightweight depth-grid construction and point sampling,

Method NavRL [32] FAF [28] Ours

Success Rate ↑ 0.30 0.40 0.80

TABLE IV
SUCCESS RATE COMPARISON IN REAL-WORLD FLIGHT TESTS FEATURING

DENSE INDOOR CLUTTER AND DYNAMIC DISTURBANCES.

（C） Rotating Baffle （D） Moving Ball

（A） Dense Obstacles （B） Thin Obstacles

Fig. 7. Robustness of D-NAV across diverse real-world edge cases.
The policy maintains navigational success when encountering: (A) dense,
unstructured indoor clutter; (B) micro-scale structures such as thin wires and
branches; (C) large-scale dynamic obstacles, exemplified by a rotating baffle;
and (D) high-velocity projectiles (e.g., a tossed ball) requiring sub-second
reactive maneuvers.

Method Data Process ↓ Action Generate ↓ All Time ↓

NavRL [32] 41.81 23.15 65.90
FAF [28] 28.24 15.19 43.58

Ours 17.63 19.33 37.06

TABLE V
COMPUTATIONAL LATENCY (MS) BENCHMARKED ON THE NVIDIA

JETSON NX ONBOARD PLATFORM.

D-Nav achieves the lowest overall latency (37.06 ms), avoiding
expensive operations such as object detection or dense flow es-
timation. Beyond obstacle avoidance, D-Nav also demonstrates
strong task-level generalization in real-world deployment. As
shown in Fig. 6B, the policy consistently executes goal-
directed traversal through narrow structures, confirming that
this design remains effective under real-world conditions.

We further analyze robustness across diverse real-world
edge cases in Fig. 7. The dual-resolution representation en-
ables reliable perception across a wide range of spatial scales,
from dense barriers (Fig. 7A) to micro-scale structures such
as thin wires (Fig. 7B) that are challenging for low-resolution
depth maps. In addition, the policy demonstrates strong tempo-
ral responsiveness when encountering large dynamic obstacles,
including rotating baffles (Fig. 7C), and successfully performs
sub-second evasive maneuvers against high-velocity projectiles
(Fig. 7D). In addition, D-Nav generalizes zero-shot to out-
door 3D terrains, indicating that the proposed representation
captures general geometric structure rather than overfitting to
simulation. More experiments and videos are provided in the
supplementary material.

V. CONCLUSION

This paper presents D-Nav, an end-to-end navigation frame-
work for dense and dynamic environments using a saliency-
driven dual-resolution spatio-temporal formulation. By struc-
turing environmental understanding into global and local rea-
soning stages, the system captures both scene-level structure
and fine-grained geometric details. This approach eliminates



reliance on fragile tracking and noise-sensitive flow estimation,
enabling robust detection of heterogeneous obstacles, from
large moving barriers to micro-scale agile threats. Moreover,
the integration of a mission-aware way-goal condition bal-
ances reactive safety with goal-directed progress. Extensive
evaluations in complex simulations and real-world deploy-
ments demonstrate that D-Nav improves navigation success
while maintaining stable, real-time performance on resource-
constrained platforms.

Despite these advances, the system still struggles with
extremely high-speed, small-scale obstacles where sensing
latency limits responsiveness. Future work will focus on en-
hancing temporal responsiveness and extending the framework
to handle more aggressive, high-speed flight scenarios.
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[1] Christoph Böhm, Martin Scheiber, and Stephan Weiss.
Filter-based online system-parameter estimation for mul-
ticopter uavs. In Robotics: Science and Systems, 2021.

[2] Jorge de Heuvel, Xiangyu Zeng, Weixian Shi, Tharun
Sethuraman, and Maren Bennewitz. Spatiotemporal at-
tention enhances lidar-based robot navigation in dynamic
environments. IEEE Robotics and Automation Letters, 9
(5):4202–4209, 2024.

[3] Davide Falanga, Kevin Kleber, and Davide Scaramuzza.
Dynamic obstacle avoidance for quadrotors with event
cameras. Science Robotics, 5(40):eaaz9712, 2020.

[4] Tingxiang Fan, Pinxin Long, Wenxi Liu, and Jia Pan.
Distributed multi-robot collision avoidance via deep re-
inforcement learning for navigation in complex scenarios.
The International Journal of Robotics Research, 39(7):
856–892, 2020.

[5] Xiyu Fan, Minghao Lu, Bowen Xu, and Peng Lu. Flying
in highly dynamic environments with end-to-end learning
approach. IEEE Robotics and Automation Letters, 2025.

[6] Ismail Geles, Leonard Bauersfeld, Angel Romero, Jiaxu
Xing, and Davide Scaramuzza. Demonstrating agile
flight from pixels without state estimation. Robotics
Science and Systems online Proceedings, 2024.

[7] David Hoeller, Lorenz Wellhausen, Farbod Farshidian,
and Marco Hutter. Learning a state representation and
navigation in cluttered and dynamic environments. IEEE
Robotics and Automation Letters, 6(3):5081–5088, 2021.

[8] Minwoo Kim, Geunsik Bae, Jinwoo Lee, Woojae Shin,
Changseung Kim, Myong-Yol Choi, Heejung Shin, and
Hyondong Oh. Rapid: Robust and agile planner using
inverse reinforcement learning for vision-based drone
navigation. arXiv preprint arXiv:2502.02054, 2025.

[9] Dana Kulic, Gentiane Venture, Kostas Bekris, and En-
rique Coronado. Mpcc++: Model predictive contouring
control for time-optimal flight with safety constraints. In
Robotics: Science and Systems Conference, 2024.

[10] Mihir Kulkarni and Kostas Alexis. Reinforcement learn-
ing for collision-free flight exploiting deep collision
encoding. In IEEE International Conference on Robotics
and Automation, pages 15781–15788. IEEE, 2024.

[11] Pratik Kunapuli, Jake Welde, Dinesh Jayaraman, and
Vijay Kumar. Leveling the playing field: Carefully
comparing classical and learned controllers for quadrotor
trajectory tracking. arXiv preprint arXiv:2506.17832,
2025.

[12] Antonio Loquercio, Elia Kaufmann, René Ranftl,
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