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SUMMARY

Autonomous drones are increasingly deployed in cluttered, GPS-denied environments
such as forests, caves, industrial facilities, and urban canyons. In such settings, visual
obstacle avoidance is the key enabler for safe and agile flight. Yet, existing methods
still struggle with three fundamental challenges: the lack of a unified evaluation frame-
work, the difficulty of balancing safety and agility, and the significant gap between
policies trained in simulation and their deployment on real drones. This dissertation
addresses these challenges under a unifying research objective: to develop efficient
learning-based algorithms for safe and agile onboard navigation in cluttered environ-
ments, while providing systematic tools to evaluate and improve their performance.

The first contribution of this thesis is the design of a high-fidelity benchmarking
suite for vision-based obstacle avoidance, named AvoidBench. Built on Unity for pho-
torealistic rendering and a quadrotor dynamics model for realistic flight behaviour,
the suite provides a collection of simulation environments with varying levels of clut-
ter and structure. To enable systematic comparison of algorithms, the benchmark
introduces two complementary classes of metrics. Environment metrics, such as
traversability, quantify the difficulty of a given scene. Flight performance metrics,
including success rate, relative end distance, average goal velocity, and path excess
factor, characterize safety and agility from the perspective of the navigating drone.
A standardized experimental protocol and software interface allow both model-based
and learning-based methods to be evaluated under identical conditions. By bench-
marking several state-of-the-art approaches, AvoidBench exposes their strengths and
weaknesses and establishes a common reference for future research on drone obstacle
avoidance.

Building on this platform, the second contribution introduces MAVRL, a reinforce-
ment learning-based obstacle avoidance algorithm that explicitly accounts for envi-
ronment complexity. Instead of prescribing a fixed flight speed, the policy is trained
to adaptively adjust its velocity: it accelerates in simple environments and deceler-
ates in dense, cluttered ones. This behaviour is encouraged by performing domain
randomization over environment complexity during training and by defining rewards
that reflect the safety—agility trade-off. To overcome partial observability and the lack
of an explicit mapping module, the method uses a memory-augmented latent repre-
sentation of depth images. A recurrent variational autoencoder encodes a sequence
of depth maps into a compact latent state that is trained to reconstruct both past and
current depth, thereby preserving information about the recent scene structure. This
latent state, combined with the drone state and navigation target, forms the input
to a Proximal Policy Optimization (PPO) agent that outputs acceleration commands.
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Experiments in AvoidBench show that MAVRL achieves a superior Pareto frontier be-
tween safety and agility across a wide range of environment complexities. Indoor
real-world experiments demonstrate that the learned policy can be deployed on a
physical drone with minimal adaptation.

The third contribution, Depth Transfer, addresses the simulation-to-real (sim-to-
real) gap that arises when deploying vision-based obstacle avoidance policies in the
real world. Two main sources of discrepancy are considered: the difference in dy-
namics and control between simulator and real platform, and the difference between
ideal depth in simulation and noisy stereo depth in reality. To reduce the dynam-
ics gap, a reference generator produces high-level commands that can be consistently
tracked by both simulated and real drones, thereby decoupling the learned policy from
platform-specific low-level controllers. To reduce the perception gap, a domain adap-
tation framework is proposed in which a depth encoder is first trained in simulation
on ground-truth depth and then refined so that real stereo depth images are mapped
into an aligned latent space. This enables direct policy transfer without further tun-
ing of the control network. Ablation studies show that Depth Transfer substantially
improves the performance of an Isaac Gym-trained policy when evaluated in Avoid-
Bench, and dense forest flight tests confirm robust obstacle avoidance in challenging
outdoor environments. Compared with direct policy fine-tuning, adapting only the
encoder is both more sample-efficient and safer, since the control behaviour learned
in simulation is preserved.

Finally, the fourth contribution explores how ideas from biological sensorimotor
control can improve the efficiency and flexibility of training obstacle avoidance poli-
cies. Inspired by the hierarchical perception-action organization found in animals,
a novel architecture is proposed that separates high-level waypoint generation from
low-level control. The high-level module receives depth maps, target information, and
drone state, and outputs short-horizon waypoints. The low-level module tracks these
waypoints and generates collective thrust-body rate commands (CTBR). To further
stabilize perception, a gimbal-based visual input system is introduced that keeps the
camera approximately level, reducing motion blur and viewpoint disturbance during
agile manoeuvres. Unlike previous end-to-end RL methods, the low-level controller
is trained using differentiable dynamics and gradient-based optimization instead of
trial-and-error reinforcement learning. Experiments show that the gimbal-stabilized
perception significantly enhances robustness in aggressive flight, and that the hierar-
chical architecture achieves performance comparable to state-of-the-art end-to-end
methods with substantially reduced training time. Moreover, because the low-level
controller is task agnostic, it can be reused for other navigation tasks, such as explo-
ration or tracking, by retraining only the high-level policy.

In summary, this dissertation contributes a unified evaluation framework, an adaptive-
speed reinforcement learning algorithm, a sim-to-real transfer method for depth-
based navigation, and a bio-inspired hierarchical perception-action architecture for
efficient policy learning. Together, these elements advance the state of the art in
learning-based visual navigation for drones in cluttered environments. They demon-
strate that it is possible to balance safety and agility, to transfer complex policies from
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simulation to reality, and to accelerate training by exploiting structure in both the task
and the underlying dynamics. These results provide a solid foundation for future work
on lightweight, robust, and versatile autonomous drones that can operate reliably in
the complex environments of the real world.






1

INTRODUCTION

Well begun is half done.

Aristotle



2 1. INTRODUCTION

Deep within the irradiated ruins of the Chernobyl Nuclear Power Plant’s Unit 5,
a drone navigates a labyrinth of twisted steel and darkness [1]. Deprived of GPS
signals and human access, the aircraft relies entirely on onboard LiDAR and collision
tolerant algorithms to map the hazardous interior. Simultaneously, amidst the dense,
unstructured canopies of a North American forest, a Skydio drone weaves through a
complex web of branches at high speed [2]. Assisting police in a search and rescue
operation, it executes split second trajectory adjustments to avoid obstacles that would
be invisible to a remote pilot’s video feed.

These two distinct scenarios, the Flyability Elios inspecting critical infrastructure in a
GPS denied confinement and the Skydio autonomously traversing a dynamic natural
environment, illustrate a fundamental paradigm shift in Unmanned Aerial Vehicle
(UAV) technology. We are witnessing the evolution of drones from passive, remotely
piloted “flying cameras” into active, intelligent robotic agents capable of independent
spatial awareness and decision making.

Historically, the operational envelope of UAVs was strictly limited by the availabil-
ity of Global Navigation Satellite Systems (GNSS) and the skill of the human opera-
tor. In “cluttered” environments, such as collapsed buildings, dense forests, or urban
canyons, signal interference and loss often resulted in mission failure or catastrophic
crashes. The inability to autonomously perceive and react to the physical world has
long been the primary bottleneck preventing the widespread deployment of UAVs in
complex disaster relief and industrial applications.

Autonomous obstacle avoidance addresses this critical limitation. It is not merely a
safety feature but a complex synthesis of multi-modal sensing (including stereo vision,
millimeter-wave radar, and LiDAR) [3, 4], Simultaneous Localization and Mapping
(SLAM) [5-7], and real-time path planning algorithms [8-10]. As the capabilities of
drones increase, more scientific questions arise: how to ensure safe flight in complex
environments, how to reduce the size of drones to navigate narrow passages, and how
to make drones fly fast enough to save time, etc. The following sections will discuss
the challenges, previous work, and research questions related to drone navigation in
cluttered environments.

1.1. CHALLENGES AND PREVIOUS WORK

Autonomous navigation in cluttered, GPS-denied environments requires a delicate
balance between perception accuracy, computational efficiency, and flight agility. The
core challenge lies in enabling a Micro Air Vehicle (MAV) to perceive its surroundings
via onboard sensors, plan collision-free trajectories, and execute control commands
with millisecond-level latency. Existing literature approaches this problem primar-
ily through two distinct paradigms: Model-based approaches, which rely on explicit
geometric reconstruction and kinematic planning, and Learning-based approaches,
which leverage data-driven policies to map sensory inputs directly to control actions.
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Footage: Flyability

(b)

Figure 1.1: (a) Flyability Elios drone investigates the condition of Chernobyl’s Unit 5
reactor core [1]. (b) Skydio drone autonomously navigates through a dense
forest during a search and rescue mission [2].

1.1.1. MODEL-BASED APPROACHES

Classical visual navigation for multirotors has traditionally followed a model-based
pipeline: perception builds a local or global map of the environment, a planner
searches for a collision-free and dynamically feasible trajectory, and a feedback con-
troller tracks this trajectory using an explicit dynamics model of the vehicle. In field
robotics, this paradigm has been extensively exploited in subterranean and GPS-
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denied settings, where aerial and legged robots jointly explore large-scale underground
networks. Graph-based subterranean exploration methods maintain a topological
graph of frontiers and unexplored regions and use heuristic graph search, often vari-
ants of A* to select safe, informative exploration paths for the robot team [11-13].
Related work combines these global planners with motion-primitive based local ex-
ploration that repeatedly expands a tree or lattice in the state space using dynamically
feasible primitives, enabling agile flight through unknown 3D environments [14].

For local navigation in cluttered environments, optimization-based trajectory plan-
ners have become particularly prominent. Instead of searching over discrete paths,
these methods formulate trajectory generation as a constrained optimization problem,
in which collision costs, smoothness, and dynamic feasibility are encoded directly in
a continuous cost functional. Ego-Planner is a representative example: it maintains a
local map and optimizes a spline-based trajectory under collision constraints, achiev-
ing high responsiveness without relying on a globally consistent Euclidean signed
distance field (ESDF) [15]. Similar ideas are embedded in high-performance simula-
tion and control frameworks, where GPU-accelerated physics engines such as Isaac
Gym, Isaac Lab, Aerial Gym, and Flightmare provide realistic quadrotor dynamics and
allow real-time evaluation of candidate trajectories or controllers under diverse envi-
ronmental conditions [16-20].

Another important branch of model-based navigation uses motion-primitive plan-
ning as its core abstraction. In this setting, the planner operates over a library of short,
dynamically feasible motion segments that are precomputed to respect the quadro-
tor’s dynamics and actuation limits. Search-based planners then select and sequence
these primitives to explore unknown environments or reach local goals while avoid-
ing obstacles [14]. This discretization transforms kinodynamic planning into graph
search in the state space and allows planners to explicitly trade off exploration gain,
goal-directed behavior, and safety. Building on this framework, recent systems inte-
grate motion primitives with learned perception modules: deep collision predictors
are used to assess the safety of each primitive, while the underlying search and dy-
namics constraints remain fully model-based [21, 22].

Model-based planning is typically coupled with well-engineered control stacks that
track the planned trajectories at high frequency. Quadrotor simulators and middleware
such as ROS-Gazebo-based platforms, RotorS, and AirSim provide modular models of
UAV dynamics, actuators, and sensor noise, and are widely used to design and evaluate
low-level controllers, planners, and perception pipelines in realistic scenarios [23-27].
Mapping frameworks such as OctoMap and Voxblox further enable incremental 3D
occupancy and signed-distance representations that are well-suited for model-based
planning and collision checking [28, 29].

However, precisely because these pipelines are carefully engineered, they tend to
become systemically complex and heavily constrained. A typical stack may include
state estimation, dense or semi-dense mapping, global and local planning, trajectory
optimization, and low-level control, each with its own assumptions, parameters, and
failure modes [10]. Constraints introduced at each layer, for example on map resolu-
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tion, trajectory smoothness, or safety margins, can accumulate and make the overall u
system overly conservative and difficult to tune or adapt to new platforms and en-
vironments. At the same time, explicit mapping is almost always a core component:
maintaining probabilistic 3D maps or ESDF on board (for instance with OctoMap,
Voxblox, or similar structures) consumes substantial memory and computational re-
sources, which is particularly problematic for small UAVs with limited onboard com-
pute and power budgets [26, 28, 29]. In dense clutter, high map resolution is required
to resolve narrow gaps and thin obstacles, further increasing the load, even when the
task may only require short-horizon, reactive avoidance rather than full global map-
ping. These limitations motivate the exploration of more compact learning-based or
hybrid architectures that reduce system complexity, relax some of the hand-crafted
constraints, and potentially bypass heavy explicit mapping while still ensuring safe,
agile navigation in cluttered environments.

1.1.2. LEARNING-BASED APPROACHES

In parallel to classical model-based pipelines, learning-based approaches have rapidly
advanced visual navigation for drones in cluttered environments. A first line of work
focuses on imitation learning from expert policies. In agile flight, expert planners or
optimal-control solvers are used in simulation to compute near-optimal trajectories
with access to full state and map information; then, convolutional or transformer-
based networks are trained to imitate these expert actions using only visual observa-
tions, enabling high-speed, vision-based flight in natural environments such as forests
and urban canyons [30, 31]. Recent work further combines imitation with deep rein-
forcement learning (RL), using expert demonstrations to bootstrap RL-based training
for vision-based agile flight and thereby reducing exploration burden while retaining
the performance benefits of RL fine-tuning [32, 33]. In this way, the literature gradually
transitions from purely supervised learning to reinforcement-learning-based naviga-
tion.

Going beyond pure imitation, deep RL has shown that model-free visuomotor poli-
cies can match or even surpass traditional optimal control baselines in agility-oriented
tasks. In drone racing, simulation-based policies have reached and exceeded champion-
level human performance, outperforming carefully engineered pipelines that combine
trajectory optimization with model predictive control (MPC) [34, 35]. Related com-
parisons between optimal control and RL in autonomous racing show that RL can
exploit subtle interactions between perception and dynamics to push the limits of
performance when sufficient simulated experience is available [35]. In cluttered envi-
ronments, RL has been extended to perception-aware policies that explicitly account
for the reliability of the perception pipeline when choosing aggressive maneuvers,
improving safety at high speed [36]. Complementary work learns speed adaptation
policies that modulate the forward velocity of a quadrotor based on obstacle density,
allowing the vehicle to decelerate in dense clutter and accelerate in open space [37].
These works illustrate a progression from general learning-based controllers toward
increasingly sophisticated RL-based navigation policies.
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A substantial body of research addresses the challenge of high-dimensional visual
input through representation learning. Instead of feeding raw depth or RGB images di-
rectly into the control policy, these methods first learn compact latent encodings that
preserve collision-relevant information. Task-driven compression approaches, for ex-
ample, learn depth-image encoders optimized specifically for collision prediction and
navigation, showing clear advantages over generic autoencoders with the same latent
dimensionality [38]. On legged robots, similar ideas are used to learn state repre-
sentations and navigation policies jointly, allowing robots to move through cluttered
and dynamic environments using a compact visual latent state rather than full sensor
streams [39]. Beyond local controllers, learned latent spaces have been employed as
state spaces for latent-space motion planning, where sampling-based planners operate
directly in a low-dimensional learned manifold instead of raw sensor or configuration
spaces [40]. In many of these works, representation learning is tightly coupled with
RL: the latent space is optimized to be predictive and approximately Markovian, which
simplifies the downstream RL problem [41, 42].

Handling partial observability and temporal context is another key theme in learning-
based visual navigation. Recurrent architectures such as long short-term memory
(LSTM) networks [43] and other memory modules are widely used to model tem-
poral dependencies, often by compressing an observation history into an internal
belief state that supports prediction and control. Memory-based deep RL for UAV
navigation shows that recurrent policies can outperform purely feedforward ones in
environments with limited or intermittent observations [44]. Similar principles ap-
pear in navigation systems that combine recurrent latent encoders with RL, where a
history of depth or image features is compressed into a predictive latent state that
is more informative for downstream control than single-frame observations [38, 39,
45]. Beyond recurrent memory, world models explicitly learn a latent dynamics model
that predicts future latent states (and sometimes rewards) from past observations and
actions, enabling planning or policy learning via imagined rollouts in the learned la-
tent space [46-50]. Thus, recurrent networks and world-model-based approaches are
increasingly integrated into RL formulations for navigation.

Learning-based navigation is not limited to fully supervised or RL setups; self-
supervised approaches also play an important role and often act as a precursor or
complement to reinforcement learning. BADGR learns a predictive model of collision
probabilities from self-supervised driving data and uses it for navigation, avoiding the
need for manually labeled trajectories [51]. On small aerial platforms, self-supervised
monocular distance learning and learning to fly by crashing demonstrate that useful
depth and collision cues can be extracted directly from monocular video and from
crash events, enabling low-cost obstacle avoidance without dense labels [52, 53]. Re-
lated work also validates self-supervised monocular distance learning in space robotics
through experiments conducted on the International Space Station (ISS), where a free-
flying SPHERES platform used stereo vision as a trusted signal while learning monoc-
ular distance estimation during operation [54]. Complementary work in neuromor-
phic vision uses event cameras and biologically inspired motion-vision processing to
detect gaps and navigate through dense clutter, offering an alternative sensing and
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processing paradigm for agile flight [55, 56]. Many recent systems combine these self-
supervised perception models with RL-based decision making, underscoring the trend
from general learning-based components toward fully RL-driven navigation stacks [57—
59].

Overall, learning-based approaches, ranging from imitation and self-supervision to
deep reinforcement learning, have demonstrated that data-driven visuomotor policies
can complement and, in some regimes, rival classical model-based pipelines. At the
same time, they introduce new challenges related to training stability, sample com-
plexity, and deployment robustness. These challenges are particularly pronounced for
RL-based methods and motivate a more focused discussion on the specific obstacles
faced by reinforcement learning in this domain.

1.1.3. CHALLENGES IN REINFORCEMENT LEARNING

Despite the impressive progress of learning-based visual navigation, RL for drones
still faces two fundamental challenges: bridging the sim-to-real gap and achieving
sufficient training efficiency for complex vision-based tasks.

Sim-to-real gap RL for aerial robots is almost always trained in simulation, where
large-scale interaction can be collected safely and cheaply. However, transferring such
policies to physical drones is hampered by mismatches between simulated and real
dynamics, sensing, and visual appearance. Differences in mass, motor response, aero-
dynamics, sensor noise, or external disturbances such as wind can severely degrade
the performance of a policy that was optimized under idealized simulation assump-
tions [60, 61]. On the perception side, rendered images often fail to capture fine ge-
ometric details, motion blur, and illumination changes present in real environments,
leading to substantial visual domain shift [62-64]. From an information-theoretic
viewpoint, these shifts can be interpreted as changes in the input bottleneck, which
are known to harm generalization if not explicitly addressed [65, 66].

A wide range of techniques has been proposed to mitigate this sim-to-real gap. Do-
main randomization exposes the policy to a distribution of simulated dynamics and
appearances in the hope that the real world becomes just another sample from this
distribution [60, 62]. Domain adaptation and domain generalization further seek to
align feature distributions or learn domain-invariant representations using adversar-
ial or discrepancy-based objectives [67-74]. These approaches have enabled zero-shot
sim-to-real transfer for simple vision-based flight from purely synthetic training im-
ages [63, 64], and robust policies that combine simulated and real data [61]. Yet,
they still struggle when the real deployment conditions deviate significantly from the
assumed parameter ranges or from the visual variability seen during training.

Recent work therefore explores more structured ways of closing the gap by tight-
ening the coupling between simulation and real dynamics. Differentiable or hybrid
simulation frameworks refine dynamics models using real flight data and then back-
propagate through these models to rapidly adapt the policy in an online fashion [75].
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By learning residual dynamics on top of a simple physics model and embedding them
in a differentiable simulator, such approaches can adapt to unmodeled effects such as
payload changes, wind, or delays within a few seconds of real-world interaction, going
beyond what standard model-free RL such as Proximal Policy Optimization (PPO) [76]
can achieve in the same time budget. Differentiable quadrotor simulators that are
fully GPU-native and integrate physics and rendering, such as DiffAero, further in-
crease throughput and provide a unified platform for exploring hybrid differentiable
and RL algorithms and sim-to-real transfer for flight control [77]. In parallel, large-
scale GPU-accelerated simulation frameworks like Isaac Gym, Isaac Lab, and Aerial
Gym offer multi-modal, batched environments for training vision-based policies and
studying transfer at scale [16-19, 78].

Another promising direction is to increase the fidelity of the simulated visual en-
vironment. Instead of relying on hand-modeled primitives or standard game en-
gines, several works use 3D reconstruction and Gaussian radiance fields to render
high-quality, photorealistic scenes for policy training [79, 80]. By combining differ-
entiable dynamics with high-fidelity 3D Gaussian Splatting (3DGS), GRaD-Nav and
GRaD-Nav++ train visual navigation policies (and even vision-language-action mod-
els) that transfer from simulation to real drones without additional fine-tuning, while
retaining the ability to adapt online to new instances within the same task class [79,
80]. Nevertheless, even with such high-fidelity simulators, the coverage of real-world
variability, such as weather, lighting conditions, and sensor noises, remains incom-
plete. Bridging the sim-to-real gap for aggressively flying drones in cluttered, visually
complex environments therefore remains an open and central challenge.

Training efficiency and scalability A second major obstacle for RL-based navigation
is training efficiency. End-to-end policies that map raw images directly to low-level
motor or CTBR commands operate in very high-dimensional observation and action
spaces and must solve long-horizon tasks with sparse and delayed rewards. Even in
carefully designed simulators, such policies often require millions of interaction steps
to reach reasonable performance [16, 17, 20, 77, 81]. This makes naive end-to-end RL
from pixels prohibitive in practice, especially when one ultimately aims to deploy on
real hardware where each rollout is costly and potentially risky.

To reduce the burden on RL, many recent works deliberately structure the decision
space instead of learning a monolithic mapping from images to actuators. One promi-
nent line of research uses action abstraction and hierarchy: the RL policy operates at
a higher-level interface (for example desired velocities, accelerations, or waypoints),
while a separate low-level controller is responsible for tracking these commands. This
idea is closely related to earlier arguments in evolutionary robotics that abstraction can
help cross the reality gap by restricting learning to robust, transferable decision vari-
ables while leaving execution details to lower-level mechanisms [82]. Champion-level
drone racing systems, for instance, convert visual observations into geometric gate in-
formation and then train RL policies that output control inputs in a structured space
on top of a carefully designed control stack [34, 83]. For more complex navigation
tasks, high-level inspection or avoidance policies output motion setpoints, such as de-
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sired linear velocities and yaw rates, or acceleration references, that are then converted
into CTBR commands by classical feedback controllers or MPC [45, 59, 84-87]. In
parallel, teacher-student bootstrapping further improves sample efficiency: privileged-
state teachers are first trained in a low-dimensional state space and then distilled into
vision-based students, which are subsequently fine-tuned with asymmetric actor—critic
RL [32, 33]. All these strategies aim to confine RL to a better-conditioned subproblem,
making the exploration and credit-assignment problem more tractable.

Beyond architectural and algorithmic choices, differentiable simulation has emerged
as a powerful tool to further improve data efficiency. Instead of estimating policy gra-
dients from stochastic rollouts alone, analytic policy gradient (APG) methods exploit
differentiable dynamics to backpropagate tracking-error gradients directly through
time, leading to one to four orders of magnitude fewer samples than standard model-
free RL in several control benchmarks [88]. Building on this idea, recent work applies
differentiable physics to flight control and vision-based navigation. Vision-based agile
flight can be trained end-to-end by backpropagating through differentiable dynamics
models and depth-rendering pipelines, achieving high success rates and significantly
reduced wall-clock training time compared to purely model-free RL [89, 90]. Differ-
entiable quadrotor simulators such as DiffAero integrate physics and depth or LiDAR
rendering in a GPU-native fashion, providing both high-throughput rollouts and gradi-
ent information for hybrid differentiable and RL algorithms [77]. Other systems com-
bine differentiable simulation with task-specific perception or scene representations,
for example by leveraging 3DGS-based distance fields for gradient-based navigation
and rapid online adaptation [79, 80].

While these advances substantially improve training efficiency, they also introduce
their own constraints: differentiable formulations often require smooth surrogate costs
and simplified geometry and can suffer from vanishing or exploding gradients over
long horizons [88]. Moreover, many efficient formulations still assume relatively struc-
tured tasks or observation spaces. Achieving sample-efficient RL for general, long-
horizon, vision-based navigation in cluttered 3D environments, while maintaining
safety and robustness, remains an open problem and a key motivation for the hi-
erarchical and hybrid approaches developed in this dissertation.

1.2. PROBLEM STATEMENT AND RESEARCH QUESTIONS

In this dissertation, we aim to advance the state of the art in autonomous drone
navigation in cluttered environments by addressing the challenges outlined above.
And our methods can be evaluated in a benchmarking platform and compared with
prior works. The main research objective is as follows:
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Research objective

To develop efficient learning-based algorithms for safe and agile onboard navi-

gation in cluttered environments, and to optimize the trade-off between safety
and agility.

The complexity of visual obstacle avoidance, particularly the intricate interaction
with dynamic environments, has led to the lack of a unified platform for algorithm
evaluation.

The first research question can be summarized as:

Research Question 1

How can we systematically evaluate vision-based obstacle avoidance algo-
rithms for autonomous drones?

To address the difficulty of reproducing obstacle avoidance experiments in real-
world environments, we will construct a high-fidelity simulation environment that
includes both a realistic drone dynamics model and photo-realistic visual rendering.
The evaluation metrics will be divided into environmental metrics and flight perfor-
mance metrics, which will be used to quantify environmental complexity and to assess
flight safety and agility, respectively.

We will benchmark state-of-the-art algorithms to validate the rationality of the eval-
uation system. Moreover, the evaluation results will serve as the foundation for design-
ing our own obstacle avoidance algorithm. A key focus is to leverage the environmen-
tal complexity metrics to shape the algorithm’s adaptability to different environments.
Therefore, the second research question can be summarized as:

Research Question 2

How can we train an obstacle avoidance policy that adaptively adjusts its flight
speed to the complexity of the environment?

Reinforcement learning typically relies on domain randomization to bridge the sim-
to-real gap. By randomizing environmental complexity during training, it becomes
possible to learn a policy that adaptively adjusts its flight speed, decelerating in com-
plex scenarios and accelerating in simpler ones. This strategy aims to achieve an
effective balance between safety and agility. In addition, for reactive algorithms that
use drone control commands as policy actions, it is important to incorporate tem-
poral information and memory into the observations. For example, recurrent neural
networks can be used to encode a history of recent sensor inputs. Enriching the pol-
icy input with such temporal and environmental information can further enhance the
safety and reliability of obstacle avoidance flight.

Next, we will deploy the policy trained in simulation on real drones in real obstacle
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environments like forests and use these experiments to further investigate the practical
challenges of simulation-to-real transfer:

Research Question 3

How can we effectively bridge the sim-to-real gap for vision-based obstacle
avoidance on autonomous drones?

The gaps in vision-based obstacle avoidance tasks can be broadly divided into two
categories: drone dynamics gaps and visual perception gaps. Dynamics gaps are often
mitigated using domain randomization. In addition, when high-level control com-
mands are used as actions, it is crucial to ensure that the tracking performance of
the low-level controller on the real drone matches that in simulation. For visual gaps,
since we primarily use depth maps as input, the main source of discrepancy comes
from the depth sensing error of the real camera relative to the ideal depth in simula-
tion. Moreover, significant differences between the simulated and real environments
can cause substantial shifts in the input domain.

After mitigating the sim-to-real gap, we need to reconsider the obstacle avoidance
solution from a higher-level perspective. In particular, we ask whether the incorpora-
tion of real animal behavior can further improve the training efficiency of RL methods
on-policy. Therefore, the last research question is:

Research Question 4

How can animal-inspired hierarchical perception-action architecture be used
to train drone obstacle avoidance more efficiently?

Animals in nature typically do not act purely end-to-end. Signals from the brain
are first abstracted into high-level actions, such as turning left or right, and then
translated into low-level control commands for the body. Adopting a similar hierar-
chical navigation strategy may lead to a more efficient training process. In addition,
low-level components may be reused across different high-level tasks; for example,
a low-level obstacle avoidance controller can be directly employed in exploration or
target-tracking tasks. This hierarchical design also creates new opportunities for on-
line learning and continual adaptation.

1.3. THESIS OUTLINE

The remainder of this thesis is organized as follows: Chapter 2 presents a high-fidelity
Unity-based benchmarking suite for drone visual obstacle avoidance. It defines evalu-
ation metrics tailored to Research Question 1 and benchmarks several state-of-the-art
algorithms to validate the proposed evaluation system. Building on this simulator,
Chapter 3 addresses Research Question 2 by introducing a varying-speed obstacle
avoidance policy trained in simulation with memory-augmented latent representa-
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Figure 1.2: The dissertation is structured around the four research questions: Chapter
2 addresses Research Question 1, Chapter 3 Research Question 2, Chapter
4 Research Question 3, and Chapter 5 Research Question 4.

tions. Chapter 4 focuses on Research Question 3 and studies how to transfer these
policies from simulation to real drones, tackling both dynamics and perception gaps.
Finally, Chapter 5 addresses Research Question 4 and investigates how bio-inspired
hierarchical perception-action architectures can improve the training efficiency and
reusability of drone obstacle avoidance policies.



HIGH-FIDELITY VISION-BASED
OBSTACLE AVOIDANCE
BENCHMARKING SUITE FOR
MULTI-ROTORS

Building on the problem formulation in Chapter 1, the first step toward safe and agile
autonomous flight in clutter is to make progress measurable and comparable. Vision-
based obstacle avoidance algorithms are often evaluated under ad hoc settings, which
obscures how performance changes across environments and makes it difficult to un-
derstand the safety—agility trade-off in a principled way. To address Research Question
1, this chapter therefore introduces a high-fidelity benchmarking suite that couples
photo-realistic rendering with realistic quadrotor dynamics, and provides standardized
scenarios, protocols, and metrics for assessing both environmental complexity and flight
performance. This benchmarking foundation is essential not only for fair comparison
with prior work, but also for guiding the design choices of the learning-based methods
developed in the subsequent chapters.

This chapter is based on the following article:
H. Yu, G. C. H. E. de Croon and C. De Wagter, AvoidBench: A high-fidelity vision-based obstacle avoid-
ance benchmarking suite for multi-rotors, IEEE International Conference on Robotics and Automation
(2023)
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2.1. INTRODUCTION

Autonomous drones are increasingly deployed in scenarios where human access is
limited or dangerous, such as forest rescue and inspection, cave exploration [11, 12,
14], and greenhouse or warehouse monitoring [91]. Across these applications, obsta-
cle avoidance is a core capability that directly determines both safety and mission
effectiveness. Vision-based obstacle avoidance is particularly attractive because cam-
eras are compact, lightweight, and low-cost, while providing rich information about
nearby structure. At the same time, there is currently no widely adopted protocol
for evaluating vision-based obstacle avoidance algorithms under comparable condi-
tions. As a result, it is difficult to quantify progress at the field level or to make fair,
apples-to-apples comparisons between different methods. This motivates the need
for a reliable and reproducible benchmarking suite.

Standardized benchmarks have played a similar role in other research communities.
For example, computer vision and natural language processing (NLP) benefit from
well-established benchmarks such as KITTi [92], ImageNet [93], and GLUE [94]. These
benchmarks provide shared data, clear metrics, and common evaluation protocols,
which collectively accelerate iteration and make results comparable across papers and
over time. Moreover, a strong benchmark lowers the barrier for adoption by providing
reference implementations and by making it straightforward to reproduce baselines.

However, benchmarking in robotics is inherently more challenging than in dataset-
driven fields. First, robots operate in closed loop: the sensory observations depend
on the actions selected by the autonomy algorithm, so performance cannot be eval-
uated on a fixed dataset alone. Second, success depends on an integrated pipeline
that couples perception, planning, and control, and is further influenced by exter-
nal factors such as illumination, motion blur, actuation limits, and disturbances (e.g.,
wind gusts). Consequently, robotics benchmarks must balance realism, repeatabil-
ity, and computational efficiency, while still providing interpretable measurements of
both task outcome and flight quality.

Simulation is a natural tool to address these challenges, because it enables con-
trolled experiments and repeated trials under identical conditions. Several mature
simulators exist for multirotors. For example, Gazebo-based simulators such as Hec-
tor [23] and RotorS [24] provide well-tested dynamics and interfaces. Nevertheless,
Gazebo does not provide photo-realistic visuals, which is a major limitation when
benchmarking vision-based autonomy. Low visual fidelity can increase the sim-to-
real gap and can reduce how well simulation-based benchmarking results generalize
to real robotic platforms.

Recent advances in game engines offer an opportunity to improve realism without
sacrificing controllability. Rendering engines such as Unity3D and Unreal Engine can
generate photo-realistic scenes with rich textures, materials, and lighting. Airsim is
a robot simulation platform developed by Microsoft that uses Unreal Engine 4 [25]
and provides both C++ and Python APIs. It also supports hardware-in-the-loop (HITL)
and software-in-the-loop (SITL) with flight controllers such as PX4. However, Airsim
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is relatively heavy-weight and tightly couples rendering with the drone dynamics and
control, which can limit simulation speed and complicate large-scale benchmarking.
Flightmare [20] is a more flexible simulator for quadrotors that combines Unity3D
rendering with a quadrotor dynamics model (based on RotorS [24]) and supports
fast, parallelized simulation for reinforcement learning.

Several benchmarking efforts for autonomous drones already exist. MAVBench [26]
evaluates multiple mission types (e.g., search-and-rescue, mapping, and planning)
using Airsim and Unreal Engine 4 as a backend. While MAVBench provides end-
to-end photo-realistic simulation, its evaluation focuses mainly on time and energy,
and it does not explicitly quantify environmental complexity. BOARR [27] is tailored to
obstacle avoidance benchmarking, but relies on Gazebo and therefore provides limited
visual realism. In vision-based obstacle avoidance, visual realism can substantially
affect perception quality and, in turn, the resulting control behavior. This observation
motivates a benchmark that combines photo-realistic rendering, realistic dynamics,
and environment-aware evaluation metrics.

Map
Parameters

\ AvoidMetrics )

\ AvoidManage )
AvoidBench

Control
Command

il Y
Obstacle avoidance
algorithm

Flight Data

RotorS

Figure 2.1: The basic framework of AvoidBench. It uses the dynamics model from
RotorS and photo-realistic scenes from Unity3D. Users can implement their
obstacle avoidance algorithms by Python or C++ interfaces.

In this chapter, we propose AvoidBench, a benchmarking suite for evaluating the
performance of vision-based obstacle avoidance algorithms. We build AvoidBench on
Flightmare because it is comparatively lightweight and can achieve higher simulation
speed than Airsim, while still supporting photo-realistic rendering through Unity3D. At
the time of writing, AvoidBench includes two representative environments for bench-
marking: a forest scene and an indoor warehouse scene. Within each scene, the
obstacle distribution and map complexity can be systematically varied, allowing re-
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searchers to probe failure modes and to quantify how algorithm performance changes
with environment difficulty. In addition, we propose a complete set of evaluation met-
rics that jointly measure flight performance and environment complexity, enabling a
more informative analysis than success/failure alone.

AvoidBench makes four main contributions: (1) we develop a benchmark with
photo-realistic visual scenes and realistic multirotor dynamics that enables objective
comparison across algorithms and operating conditions, and we validate the bench-
mark with real-world experiments; (2) expanding upon Nous et al.s work [95], we
propose a complete set of evaluation metrics that covers both flight performance
and environment complexity; (3) we benchmark representative obstacle avoidance
approaches—learning-based, optimization-based, and motion-primitive-based—and
analyze their behavior in both simulation and real-world tests; and (4) we release an
open-source software framework that allows users to integrate their own algorithms in
either Python or C++, and to relate performance to interpretable environment metrics.

2.2. BENCHMARKING PIPELINE

Building on Flightmare, AvoidBench provides an end-to-end pipeline for benchmark-
ing vision-based obstacle avoidance for multirotors in simulation. The benchmark re-
peatedly executes start-to-goal navigation trials in procedurally generated maps, logs
the sensory observations and flight states, and computes a collection of metrics that
summarize both task outcome and flight quality. By relying on Unity3D for photo-
realistic rendering, the visual observations are closer to those encountered in real
deployments, which helps to reduce the visual sim-to-real gap. As shown in Figure
2.2, AvoidBench consists of four main modules: (1) virtual scenes implemented in
Unity3D; (2) a communication interface (AvoidLib) between the Unity side and the
C++ side, implemented with ZeroMQ; (3) AvoidManage, which integrates rendering
and dynamics and manages the execution of benchmark trials; and (4) AvoidMetrics,
which computes both performance and environment metrics. In the remainder of
this section, we describe each module in more detail.

2.2.1. VIRTUAL SCENES

In AvoidBench, a scene denotes an editable environment in which obstacle avoid-
ance algorithms are evaluated under controlled yet realistic visual conditions. While
Flightmare provides a solid simulation backbone, its default interaction with the en-
vironment is limited for benchmarking requirements such as adding terrain variation,
vegetation (e.g., bushes in a forest), or changing obstacle textures in an indoor scene.
To support systematic evaluation, AvoidBench currently provides two environments:
an outdoor forest and an indoor warehouse. As shown in Figure 2.3, the outdoor
scene is a 160 mx 160 m forest with trees, bushes, and undulating terrain, whereas the
indoor scene contains geometrical obstacles with different textures and opacity. Be-
low we define two concepts that are used throughout the benchmark: the map, which
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Figure 2.2: Different modules of AvoidBench. AvoidLib is used to communicated be-
tween the Unity side and C++ side. AvoidManage contains the setup of
virtual scenes and the whole process of flight and benchmarking. Avoid-
Metrics is the package of performance and environment metrics.

specifies an obstacle field, and the trial, which specifies a start-goal task within a map.

Map The benefit of a simulator is that it is easy to create and auto-generate dif-
ferent maps for the flight tests. Users can easily change the number or position of
outdoor trees as well as the size and opacity of texture on indoor obstacles. To eval-
uate the obstacle avoidance ability of drones, it is necessary to follow certain rules
to generate obstacles. To generate the actual obstacle field, AvoidBench utilizes a
rudimentary and well-known method for procedural generation named Poisson Disc
Sampling [96]. This method has a considerable advantage over random sampling as
it creates a uniform distribution of obstacles. Furthermore, it allows us to control the
minimum distance between obstacles.

As shown in Figure 2.3, we model indoor obstacles as textured cylinders. Users
can vary obstacle size and texture opacity, as well as the Poisson-disc sampling radius
that determines the minimum separation between obstacles. Generating a new indoor
map therefore only requires choosing a new random seed. For the outdoor scene, our
goal is to evaluate algorithms in the presence of non-geometrical obstacles that are
common in natural environments. We therefore place both red trees and bushes on
uneven terrain, and users can control the ratio between red trees and bushes to adjust
the mixture of obstacle types.

Trial Given a general map, we perform different frials. Each trial has a different
start point and goal point generated by a random seed. The drone can traverse the
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Figure 2.3: Indoor and outdoor scenes. There are many geometrical obstacles but
with different opacity of texture in indoor scene (left). Outdoor scene con-
tains red trees and non-geometrically-shaped obstacles such as the bushes
(right).

whole map as much as possible. We use the mesh collider from Unity3D to check if
the drone collided with obstacles. If the algorithm can command the drone to the
goal within one meter without collision, this trial is marked as "finished". Apart from
collisions, there can be a variety of situations that lead to trial failure. An algorithm
e.g., might get stuck in a dead end, unable to find or move to the goal. By setting a
maximum time parameter, AvoidBench automatically stops the trial if the time limit
has been exceeded.

2.2.2. AVOIDLIB

Similar to Flightmare, AvoidBench uses ZeroMQ to implement the communication
layer between Unity (rendering and collision checking) and the C++ side (dynamics,
control, and benchmarking logic). ZeroMQ is an asynchronous messaging library de-
signed for distributed and concurrent applications, which makes it suitable for high-
rate simulation loops. Through AvoidLib, the benchmark can (i) send map-generation
parameters to Unity, (ii) update the drone pose used for rendering, (iii) receive stereo
images for perception, and (iv) obtain collision flags from Unity3D’s physics and col-
lider system. Because the environment metrics introduced below require an accurate
representation of the 3D environment, we also retain Flightmare’s capability to export
point clouds from the simulator.

2.2.3. AVOIDMANAGE

AvoidManage integrates the rendering engine with the simulated multirotor dynamics
and serves as the central manager of the benchmark. Conceptually, it operates as a
state machine that executes trials, records data, and decides when a trial should ter-
minate. At each control step, AvoidManage queries the obstacle avoidance algorithm
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for a control command, advances the multirotor dynamics model, and retrieves the
corresponding sensory observations from Unity. The resulting flight data are streamed
to AvoidMetrics to evaluate trial performance online (e.g., to detect collisions) and to
compute summary metrics at the end of each run. To facilitate rapid prototyping, we
also provide Python bindings via Pybind11, allowing researchers to implement and
evaluate their obstacle avoidance algorithms in either C++ or Python.

2.2.4. AVOIDMETRICS

AvoidBench is designed not only to report whether a drone reaches its goal, but also
to explain why performance changes across environments. To this end, AvoidMetrics
quantifies both the environment (i.e., how challenging a map is to traverse) and the
resulting flight behavior (i.e., safety, efficiency, agility, and computational cost). Mea-
suring these aspects jointly enables a more informative analysis than single-number
scores: it becomes possible to compare algorithms under matched difficulty, to iden-
tify the regimes in which an approach fails, and to anticipate how a method may
behave when transferred to real-world environments.

ENVIRONMENT METRICS

AvoidBench currently reports two complementary environment metrics: Traversability
and Relative Gap Size. Traversability captures free-space availability in a geometry-
agnostic manner, whereas relative gap size provides an interpretable proxy for the
minimum obstacle separation in procedurally generated maps.

Traversability Traversability was introduced in [97] as a metric that quantifies how
difficult it is for a drone of a given size to traverse an environment. It was proposed
as an alternative to obstacle density, because density alone ignores the drone’s phys-
ical dimensions and often correlates poorly with actual avoidance difficulty. A key
advantage of traversability is that it does not assume a particular obstacle geometry.
Instead, it estimates the expected free-flight distance by sampling N positions p in
the environment; for each position, a heading & is selected and a collision checker
is used to compute the collision-free distance s. Averaging these distances yields an
uncorrected measure of free space, which is made dimensionless by dividing by the
drone diameter dgj;oge:

1 N
TRAV = —— ) s(p(i), h(D)) (2.1)
ddrone'N ;) P

In AvoidBench, we apply two practical modifications to improve repeatability while
preserving the intuition of the original metric. Intuitively, traversability represents how
far the drone could travel in the environment without relying on an active obstacle
avoidance strategy. First, instead of uniformly random sampling, we use a grid-based
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sampling scheme across multiple heights of the 3D map, which reduces variance and
makes repeated evaluations more comparable. Second, at each sampled location, we
evaluate a set of direction vectors distributed evenly on a 2D circle rather than a single
random heading. For each direction, we compute the corresponding free-path length
and then average across directions and locations. Because the metric is based on
sampling rather than on a specific obstacle model, it can be applied consistently to
complex scenes that include non-cylindrical obstacles.

Relative Gap Size The second environment metric, relative gap size, is less generic
than traversability because it is directly tied to the Poisson-disc sampling radius used
during procedural map generation. It aims to capture the minimum clearance be-
tween obstacles in an interpretable way, by expressing that clearance in multiples of
the drone diameter. Specifically, it adjusts the Poisson radius rpeisson by subtracting
the average obstacle width W,psrqcie, and then normalizes the result by the drone
diameter dj;one:

T'poisson — Wobstacle

RGS =

(2.2)
ddrone

The relative gap size should not fall below 1. Otherwise, even an ideal controller
would be unable to traverse the obstacle field because obstacles are placed too close
together relative to the drone size.

PERFORMANCE METRICS

AvoidBench currently reports seven complementary performance metrics. Together,
they capture task completion (safety), path efficiency, smoothness/energy usage, goal-
directed speed, progress in failed trials, and computational cost.

Success Rate The success rate is the most direct indicator of safety in AvoidBench.
Each map is evaluated through multiple trials, where a trial is considered finished if the
drone reaches the goal (within 1 m) without colliding with any obstacle. The success
rate is then computed as the ratio between the number of finished trials Tf;,ispeq and
the total number of executed trials T, p07.. Although simple, this metric is essential
because it summarizes whether an algorithm can reliably complete the task under a
given environment complexity and start-to-goal distance.

_ Tfinished

SR 2.3)

Twhole

Path Excess Factor Beyond success, it is important to assess how efficiently an al-
gorithm reaches the goal. The path excess factor measures how much longer the ex-
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ecuted trajectory is compared with the shortest feasible path through the free space.
It is computed as:

PEF = dirav = dmin 100% (2.4)
min
Here, d;r4, denotes the total distance travelled by the drone, and d,;,;; is the minimum
free-path distance between start and goal computed by a path-search algorithm (A*
[13] in our case). The path excess factor should be interpreted as the excess distance
covered by the drone relative to the shortest path. So, 0 % means no excess distance,
whereas a 100 % means that the drone covered twice the distance it could have.

Energy Cost We use the integral of jerk (the time derivative of acceleration) as a
proxy for energy cost and motion smoothness. In practice, aggressive and jerky ma-
neuvers tend to increase power consumption, induce vibrations, and stress the plat-
form. Hence, a lower energy cost generally corresponds to smoother and more energy-
efficient flight:

trial
EC:[’ Ijerkll,dz 2.5)
0

Average Goal Velocity The average goal velocity measures how quickly an algorithm
progresses toward the goal. While the trial duration alone is a common indicator of
speed, it is not directly comparable across maps with different start-to-goal distances.
We therefore normalize by the free-path minimum distance d,,;, and convert the time
into a velocity-like quantity. With ¢;,;,; denoting the trial duration, we define:

d .
AGY = 222 (2.6)
ltrial

Relative End Distance When a trial fails (e.g., due to collision or timeout), it is still
informative to quantify how much progress was made toward the goal. The relative
end distance measures the remaining fraction of the start-to-goal displacement at the
final drone position. In AvoidBench, it is defined using the start-goal vector a and the
start-to-final-position vector b (Figure 2.4) as:

la—b]
|al

RED =

2.7)

A value of RED = 0 indicates that the drone reached the goal, whereas RED =1
corresponds to no progress from the start location. Smaller values therefore indicate
better goal-directed progress.
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-
goal start

Figure 2.4: Calculation method of relative end distance. a is the vector of start point
to goal point. b is the vector of start point to drone’s final location.

Processing Time The processing time measures the computational cost of an obstacle
avoidance algorithm by recording the runtime of each control iteration. During a
trial, all processing periods are stored so that AvoidBench can report statistics such
as the mean and standard deviation. Because processing time depends on hardware,
algorithms should be evaluated on the same machine for fair comparison. This metric
is also practically relevant: long runtimes introduce control delays, reduce the effective
control frequency, and may leave fewer resources for other autonomy tasks.

Contrast Factor The contrast factor is the only metric that explicitly compares two
sets of experiments. It is designed to quantify relative performance while reducing the
confounding influence of different start-to-goal distances. In addition to comparing
two different algorithms, the same formulation can compare simulator versus real-
world runs of the same algorithm, which provides a compact way to quantify sim-to-
real discrepancy.

From the perspective of probability, the success rate is related to the tested algo-
rithms, the minimum free-path distance from start point to goal point, and the com-
plexity of maps which can be represented by traversability. We use = to represent the
obstacle avoidance algorithm and 7 as a certain map. The normalized traversability
P, can be calculated as:

_ TRAV
" TRAVax

Where TRAV,4x is the value of traversaility when there is no obstacle in the map
(only boundaries of the map have an impact on this value). Assuming the obstacles
in the map are uniform, the probability of no collision for a certain algorithm within
a certain distance is p, and the probability of no collision at twice distance should
be p?. Obviously, the success rate is exponentially related to the flying distance in
theory. Then the success rate SR can be estimated as:

(2.8)

T

Zdmin

SRz=f(Z,P;)" 4 (2.9)

Where A is a scale factor of distance, and =d,,,;;, is the minimum free-path distance
from start point to goal point randomly generated for algorithm =. f(E, P;) indicates
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the non-collision probability for a certain distance determined by A when algorithm
Z is excuted in the map with normalized traversability P;. From AvoidBench, Edmin
and P; are known, and Sf?g can be replaced by statistical results from (2.3). However,
we still cannot get f(Z, P;) because the A is unknown. By logarithmizing both sides
of (2.9), we can obtain the ratio of different algorithms’ performance in the map with
same traversability:

_Inf(E1,Pr)  *dpminInSRz,
" Inf(22,P;) =1dpinInSRs,

CF (2.10)

If 2 and =, represent the experiments of the same algorithm in the simulator and
real world, then contrast factor can be used to measure the sim2real gap even though
they have different flying distance.

2.3. SIMULATION AND EXPERIMENT

2.3.1. OBSTACLE AVOIDANCE ALGORITHMS

In order to demonstrate that AvoidBench can evaluate a diverse set of obstacle avoid-
ance strategies, we benchmark three representative state-of-the-art approaches: Agile-
Autonomy [30] (learning-based), Ego-planner [15] (optimization-based), and MBPlan-
ner [14] (motion-primitive-based). For Agile-Autonomy, we use the original imple-
mentation and retrain the network using our benchmark scenes so that the policy
experiences the same visual domain as the other baselines. MBPlanner is originally
designed for exploration; to adapt it to our start-to-goal navigation tasks, we replace
the exploration gain with a goal-directed term based on the distance to the goal, en-
suring that the drone consistently moves toward a fixed target. All three algorithms
are evaluated using a virtual stereo camera, and depth maps are computed via Semi-
Global Matching [98] to provide a consistent depth input across methods.

2.3.2. SIMULATION RESULTS

For the outdoor scene, we generate 30 maps and evaluate 30 trials per map. The
ratio of bush trees to red trees is set to 2:3, and the Poisson-disc sampling radius is
varied in the interval [2.3, 5.8] to systematically change map complexity. Start and
goal locations are generated from fixed random seeds so that all three algorithms
face identical tasks and environments, enabling a fair comparison. All simulation
experiments are executed on a standard laptop with 16 GB memory, an i7 11800H CPU,
and an RTX3050 GPU. The image frame rates in the outdoor and indoor environments
are 20 Hz and 40 Hz, respectively.

To highlight how performance changes with environment difficulty, we report results
as a function of traversability. For visualization, we group trials into five traversability
intervals and compute statistics within each bin.
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Figure 2.5: (a) is the relationship between traversability and relative gap size of both
indoor scene and outdoor scene. (b) is the success rate of different algo-
rithms. (c) is the contrast factors of Ego-planner to MBPlanner and Ego-
planner to Agile-Autonomy.



2.3. SIMULATION AND EXPERIMENT 25

Figure 2.5(b) shows how the success rate of the three algorithms varies with traversabil-

ity. The results are grouped into five traversability intervals to make the overall trend
easier to interpret. Obviously, for the three algorithms, success rate increases signifi-
cantly with the increase of traversability, which shows that the performance of obstacle
avoidance algorithms has a great relationship with the environment metrics we pro-
posed. The results indicate that Ego-planner and MBPlanner achieve similar safety
levels (success rate), and that both outperform Agile-Autonomy in terms of collision-
free task completion in these settings. Figure 2.5(c) is the result of contrast factor
calculated by success rate. A contrast factor close to 1 for "Ego / MBPlanner" sug-
gests comparable performance, whereas values below 1 for "Ego / Agile-Autonomy"
indicate that Ego-planner achieves a higher success rate than Agile-Autonomy under
matched traversability. The relationship between traversability and relative gap size is
shown in Figure 2.5(a). Due to the non-geometrical structure of bushes, traversability
in the outdoor scene does not increase strictly linearly with relative gap size, unlike
the indoor scene where obstacles are more regular. Overall, traversability serves as a
more general and geometry-agnostic indicator of environment complexity.

Figure 2.6(a) and 2.6(b) report the path excess factor and energy cost, respectively
(lower is better). Missions are sorted by traversability. A lower path excess factor
indicates a trajectory closer to the shortest feasible route, while a lower energy cost
indicates smoother flight with fewer high-jerk maneuvers. Ego-planner and MBPlan-
ner exhibit clearer improvements in both metrics as traversability increases, whereas
Agile-Autonomy generally achieves lower energy cost across missions, with a weaker
dependence on traversability.

Another metric with significant differences is average goal velocity (Figure 2.6(c)).
Agile-Autonomy has been designed for high-speed flight, which results in higher flight
speeds than those of Ego-planner and MBPlanner. Relative end distance provides
an additional perspective on failure behavior, because it reflects how far the drone
remained from the goal when a trial terminated unsuccessfully. As shown in Figure
2.6(d), in the results of Relative end distance, Ego-planner remains the safest algorithm
and we can see relative end distance also has a decreasing trend with traversability.

For processing time (Figure 2.6(e) and 2.6(f)), Ego-planner and Agile-Autonomy are
the fastest. Although Ego-planner performs mapping, it avoids explicit ESDF construc-
tion, which reduces computational overhead. Agile-Autonomy relies on an end-to-end
neural network and therefore does not require map building, leading to short runtimes
as well. In contrast, MBPlanner’s mapping and planning pipeline incurs the highest
processing time among the three algorithms.

2.3.3. REAL WORLD TESTS
EXPERIMENT PLATFORM

To verify that the proposed metrics can objectively evaluate different algorithms in
real deployments, we built a quadrotor platform for experimental validation (Figure
2.7(a)). The drone uses a 6-inch Armattan frame equipped with Emax 2306 motors
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and 5-inch three-bladed propellers, which provides sufficient thrust margin for agile
flight while carrying the sensing and computing payload.

Computation is performed on an NVIDIA Jetson Xavier NX module (384-core GPU,
48 Tensor Cores, and a 6-core ARM CPU). The obstacle avoidance framework outputs
low-level control commands consisting of collective thrust ratio and body rates. These
commands are sent to a Pixhawk Mini 4 flight controller running PX4. For perception,
the platform carries an OAK-D stereo camera, which provides dense depth maps at
400p resolution and 30 Hz. This setup mirrors the simulated evaluation pipeline and
enables a direct comparison between simulation and real-world benchmarking.

(b)

Figure 2.7: (a): Experiment platform for real world tests. (b): High-precision point
cloud map built by a lidar sensor.

EXPERIMENT RESULTS

For real-world experiments, we arrange three maps with different levels of clutter and
geometric complexity. To compute traversability in the real world, we build high-
precision point cloud maps using a LiDAR sensor (one example is shown in Fig-
ure 2.7(b)). For each map, we run 20 trials. Using (2.8), we obtain the normalized
traversability of each real-world map and then select simulation results from the cor-
responding traversability interval for comparison; the aggregated results are shown in
Figure 2.8.

From Figure 2.8(a), we see that at comparable normalized traversability, simulation
success rates are consistently higher than those obtained in the real world. This gap
is expected, as real flights introduce additional uncertainty (e.g., sensing noise, cali-
bration errors, actuator delays, and unmodeled disturbances) that can reduce safety
margins. We also compute the contrast factor for “Simulation / Real world” as shown
in Figure 2.8(b). Because this metric compensates for differences in flight distance, the
contrast factors cluster closer to 1 in most cases, except for the easiest map where the
limited number of trials may affect the estimate. Finally, Figure 2.8(c) reports the path
excess factor in real-world tests, which shows a decreasing trend with traversability
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consistent with the simulation results.

2.4, CONCLUSION

In this chapter, we introduced AvoidBench, a high-fidelity benchmarking suite for
vision-based obstacle avoidance. AvoidBench combines photo-realistic Unity3D envi-
ronments with multirotor dynamics and a standardized trial protocol, enabling con-
trolled and repeatable evaluation across a broad range of map complexities. Im-
portantly, the benchmark reports both environment metrics (e.g., traversability and
relative gap size) and performance metrics (e.g., success rate, efficiency, smooth-
ness/energy usage, speed, progress in failed trials, and runtime), which supports anal-
ysis beyond success/failure alone.

Through extensive simulations and real-world experiments, we demonstrated that
the proposed metrics provide consistent and interpretable trends. In particular, suc-
cess rate and efficiency metrics correlate strongly with traversability, and the contrast
factor offers a practical way to compare performance across different distances and
between simulation and real deployments. Overall, AvoidBench provides a principled
foundation for the learning-based methods developed in the subsequent chapters,
where environment-aware evaluation is essential to reason about the safety—agility
trade-off.







LEARNTO FLYIN CLUTTERED
ENVIRONMENTS WITH VARYING
SPEED

With the benchmarking pipeline and complexity-aware metrics established in Chapter
2, we can move beyond comparison and use the same framework to shape policy de-
sign. The results and analysis enabled by AvoidBench highlight a recurring limitation
of fixed-speed navigation: conservative speeds waste agility in simple scenes, while ag-
gressive speeds reduce safety in dense clutter. Motivated by Research Question 2, this
chapter leverages the simulator, protocols, and safety-agility evaluation criteria intro-
duced earlier to develop an obstacle avoidance policy that adapts its flight speed to
perceived environmental difficulty. In particular, it introduces a reinforcement learn-
ing approach trained under randomized environment complexity and equipped with
a memory-augmented latent representation, so that the learned behavior can remain
reactive while still accounting for recently observed obstacles and local structure.

This chapter is based on the following article:
H. Yu, C. De Wagter and G. C. H. E. de Croon, MAVRL: Learn to Fly in Cluttered Environments With
Varying Speed, 1IEEE Robotics and Automation Letters (2025)
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3.1. INTRODUCTION

Obstacle avoidance is a fundamental capability for autonomous micro aerial vehi-
cles (MAVs) that must fly in close proximity to obstacles while relying on lightweight
onboard sensing and computation. Over the past decade, a wide range of obstacle
avoidance algorithms has been proposed [21, 22, 30, 36, 51], and learning-based per-
ception and control have become particularly influential. However, integrating these
methods into reinforcement learning (RL) pipelines [34, 44] remains challenging: the
policy must learn to interpret high-dimensional observations, remain safe under par-
tial observability, and still make steady progress toward a goal.

A key, yet often under-emphasized, design choice in drone obstacle avoidance is
how speed is handled. Many approaches assume a fixed (or narrowly tuned) cruising
speed, which can be overly conservative in simple scenes [15] and insufficiently safe
in dense clutter [30]. The idea of adaptive speed has also been explored [37]; however,
that work relies primarily on RL for speed selection while still depending on mapping
and traditional path optimization. More broadly, autonomous drone RL typically faces
a trade-off between end-to-end learning from raw sensory inputs [22, 63] and using
compact, fixed-dimensional latent representations [38, 39]. End-to-end learning can
discover rich visuomotor behaviors, but it is data- and compute-intensive. Latent
representations improve training efficiency, yet purely reactive policies that observe
only the current latent state (without an explicit mapping module) can lose track of
previously observed obstacles and become stuck in front of complex structures.

In this chapter, we introduce a new obstacle avoidance pipeline termed Memory-
Augmented Varying-speed Reinforcement Learning (MAVRL). As shown in Figure 3.1(a),
MAVRL takes a depth map together with the drone and target states as input and
outputs acceleration commands. These acceleration commands are then tracked by a
model predictive controller (MPC) from Agilicious [99], which produces the body rates
and thrust commands required by the flight controller. The full pipeline is trained in
simulation on randomly generated scenes spanning a wide range of obstacle config-
urations and clutter levels.

A central component of MAVRL is a latent representation that explicitly incorporates
memory. Instead of encoding only the current depth observation, the representation
encourages the policy to retain information about obstacles observed within a recent
time window, even after they leave the camera field of view. As illustrated in Fig-
ure 3.1(b), combining this memory-augmented representation with a varying-speed
policy allows the drone to avoid oscillations and dead-ends in clutter, achieving both
higher safety and better flight efficiency.

Contributions. The main contributions of this chapter are:

° Memory-augmented latent representation. We design a latent state that retains
recent depth information by reconstructing both past and current depth obser-
vations (and optionally future ones). This provides a more explicit and struc-
tured memory signal than standard latent encoders. Extensive ablation studies
show that this representation improves RL-based obstacle avoidance, especially
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Figure 3.1: (a) is the basic framework of MAVRL. (b) illustrates drone’s trajectories in a
Cluttered Environment. Fixed-speed flight often results in collisions with
large obstacles. Absence of augmented memory leads to frequent entrap-
ment in such obstacles. In contrast, MAVRL-equipped flights demonstrate
safe and efficient navigation through complex terrains.
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when large obstacles temporarily occlude the target direction.

* Varying-speed RL policy and systematic evaluation. We train a policy that
adapts its speed to the perceived navigational difficulty of the local environment.
In simulation, we compare MAVRL against strong baselines, including Agile-
Autonomy [30] and Ego-planner [15], and demonstrate superior performance in
cluttered scenarios with a favorable safety-agility balance.

* Real-world deployment. We deploy the trained network on a real quadrotor
with minimal post-simulation fine-tuning, demonstrating that the proposed per-
ception and control pipeline is practical on onboard hardware.

3.2. RELATED WORK

This chapter is closely related to two research directions: (i) learning-based obstacle
avoidance policies for MAVs, and (ii) compact latent representations that make RL
with visual inputs more sample-efficient. We briefly summarize representative work
in both areas and highlight the gap addressed by MAVRL.

3.2.1. LEARNING-BASED OBSTACLE AVOIDANCE

Recent studies [21, 22, 30] have shown substantial progress in learning-based obstacle
avoidance. In supervised learning, Agile-Autonomy [30] uses a trajectory generation
procedure based on Metropolis—-Hastings sampling and trains a neural network to
imitate the resulting collision-free behavior. Reinforcement learning has also delivered
impressive performance when combined with high-fidelity simulation [34, 35]; for
example, [34] introduced Swift, which can outperform expert human pilots in racing
tasks. At the same time, many RL-based systems rely on additional modules (e.g.,
mapping, state estimation, or obstacle detection) or on priors about the environment,
which can reduce robustness when the scene structure changes.

Several works attempt to reduce these dependencies. [36] trained a vision-based
policy through reinforcement learning using a teacher policy that had access to full
state information. [59] proposed a 2D navigation planner trained with Soft Actor-
Critic (SAC) on LiDAR-based costmaps, although the sensor payload can limit practical
deployment on small MAVs. Other approaches [44, 57, 63] use RGB inputs and learn
latent features suitable for RL training. Beyond supervised and RL methods, self-
supervised approaches have also been explored for obstacle avoidance [51-53, 55].
Notably, [55] adapts flying speed to obstacle density with bio-inspired design. In
contrast, our goal is to train a single RL policy that can operate across environments
of varying complexity and learn an adaptive speed profile within the same training
framework.
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3.2.2. LATENT REPRESENTATIONS

Given the high dimensionality of visual observations, an effective representation is
crucial for stable and efficient policy learning. End-to-end visuomotor learning has
been demonstrated with depth or RGB inputs [22, 30, 63], but performance can de-
grade in dense clutter and success rates may remain limited [38]. Latent representa-
tions are therefore widely used across tasks such as image understanding [100] and
navigation [39, 40]. [40] introduced a latent representation for sampling-based motion
planning, combining an autoencoder for compressing images, a dynamics model for
predicting the next latent state, and a learned collision checker.

For depth-based navigation, Mihir et al. [38] proposed a collision-oriented encoding
that preserves thin structures more reliably than a standard VAE [101] at the same
latent dimensionality. [39] presented a learning pipeline for quadrupedal navigation
in clutter using a pre-trained representation that couples a VAE encoder with an LSTM
[43] for predicting future latent states.

Our work is inspired by [39], but differs in how memory is introduced. Rather
than emphasizing future prediction, we structure the latent space to retain explicit
information about recent depth history, which proves particularly beneficial when
navigating cluttered environments dominated by large obstacles.

3.3. MEMORY-AUGMENTED REPRESENTATION

In this section, we describe how MAVRL constructs a compact state representation for
depth-based navigation and how this representation is augmented with short-term
memory. The key idea is to encode each depth image into a low-dimensional latent
vector and then use a recurrent model to aggregate a sequence of observations. In
doing so, the policy can retain information about obstacles that were visible moments
ago but are no longer in the current field of view.

As illustrated in Figure 3.2(a), we first encode the current depth image I; with a
Variational Autoencoder (VAE), producing a latent vector z/“°. A single-layer Long
Short-Term Memory (LSTM) network then processes the latent sequence and outputs
the final latent state z;, which is intended to summarize the recent depth history. We
concatenate z; with a low-dimensional vector x; that contains the drone state and
target-related variables, and we train a Proximal Policy Optimization (PPO) policy

[76] to generate acceleration commands from this combined input.

Because jointly training a VAE, an LSTM, and an RL policy from scratch is unstable,
we adopt a staged training procedure:

° Warm-start policy training. We first train an initial PPO policy while using fixed
(randomly initialized) VAE and LSTM components. This policy learns basic goal-
reaching behavior and produces trajectories that cover diverse viewing angles
and distances.

* Dataset collection and VAE training. Using rollouts from the warm-start policy,
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Figure 3.2: (a) depicts MAVRLs network architecture. The depth image, encoded into a
latent space by VAE, is processed by LSTM to create a memory-augmented
representation. This, combined with the drone’s state and target data, in-
forms the acceleration command via PPO. The network within the red dot-
ted box, used for LSTM training, is not for reference. (b) compares original
and reconstructed depth images from latent space z;, showing better qual-
ity for past and current images than for future ones(highest MAE loss).
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we collect sequences of depth images and train the VAE to reconstruct depth
observations. In this stage, we do not train the LSTM yet.

e LSTM training with a frozen encoder. We then freeze the VAE encoder and
train the LSTM on the collected sequences so that its output latent state can
reconstruct selected past/current (and optionally future) depth images, thereby
injecting an explicit memory signal.

* Final PPO training with adaptive speed. Finally, we retrain PPO end-to-end
with the learned VAE and LSTM components to obtain an obstacle avoidance
policy that adapts its speed to environments of varying complexity.

3.3.1. ENCODING DEPTH IMAGES

Our pipeline is based on AvoidBench [81], a high-fidelity simulator with photo-realistic
scenes. Instead of directly acquiring depth images, AvoidBench uses a semi-global
matching algorithm (SGM) [98] from a virtual stereo camera to replicate realistic depth
errors, reducing the gap between simulation and reality. We use AvoidBench to gen-
erate depth images for training the VAE.

Consider a depth image at time ¢, denoted by I; € D, where D is the set of all depth
images. We use a VAE to encode each image into a latent space, z/° € ZNe, where
ZNe represents all possible latent spaces and N, = 64 is the dimension of VAE latent
space. The VAE training employs an encoder-decoder framework without recurrent
structures, using convolutional neural networks for both the encoder and decoder.

The encoder includes six convolutional layers, each followed by a ReLU activation
function. The output from the final convolutional layer is flattened and then split into
two components by two fully connected layers, representing the mean p and variance
o?. The latent space z/%° is sampled from a Gaussian distribution characterized by
¢ and o2. The decoder, mirroring the encoder, comprises six deconvolutional layers,
each also followed by a ReLU activation function. The output of the last deconvolu-
tional layer passes through a sigmoid activation function to yield the reconstructed

depth image I;°°°". The loss function for the VAE is detailed in Equation 3.1.

Lvag = ZLrecon + ,BnormgKL

ZLrecon = MSE(, I;econ)

N, (3.1)

1
L= Y (- pf-o% +log(a?)
i=1

where B,0rm is the weight of Kullback-Leibler (KL) loss, I7°°°" is the reconstructed
depth image from latent space z/%°. The MSE loss is used to calculate the recon-
struction loss Zyecon, While KL loss is used to calculate the KL divergence between

the latent space and the Gaussian distribution.
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3.3.2. MEMORY-AUGMENTED LATENT REPRESENTATION

As shown in Figure 3.2(a), the VAE output z/*° is fed into a single-layer LSTM that
integrates information over time. The LSTM produces a latent state z, € ZN! with
N; = 256, which is intentionally larger than the VAE latent dimension (N, = 64) to
provide additional capacity for storing temporal context. During policy learning, z; is
concatenated with the state-and-goal vector x; and passed to PPO.

To explicitly encourage memory, we attach a lightweight decoder head during LSTM
training. Specifically, the concatenated vector [z;,X,] is mapped through a fully con-
nected layer to a vector of size 3 x N,, which is split into three latent codes that are
decoded (with the shared VAE decoder) into a past, current, and future depth image
I,_7, I;, and I, 7. The offset T specifies the temporal distance for reconstruction and
thus controls the memory horizon. By reconstructing past and current observations,
the LSTM is forced to preserve obstacle information that may no longer be visible at
time ¢, while the optional future reconstruction provides an additional regularization
signal. The corresponding training objective is defined in Equation 3.2.

ZListm= Y, Ai-MSEUpsir, [rviT)  (Ai €10,1}) 3.2)
i="1,0,1

where I;+;r denotes the depth image reconstructed from the latent state z;. The
binary coefficient A; selects which of the three reconstruction targets (past, current,
future) are included in the loss. By changing the set of active A; values, we can
directly control whether the LSTM is encouraged to store only the current observation,
to retain a short history, or to also regularize toward near-future prediction. The
influence of different A; configurations is evaluated in the experiments.

Figure 3.2(b) visualizes depth images reconstructed from z;. Reconstruction qual-
ity is consistently higher for past and current observations than for the future frame,
suggesting that the LSTM learns to encode recent history more reliably than it can
predict unseen geometry. This behavior is expected: future depth depends on con-
trol decisions and on parts of the scene that may not yet be observed, whereas past
observations correspond to already measured geometry. In practice, this reinforces
our design choice to use past/current reconstruction as the primary mechanism for
explicit memory.

3.4. REINFORCEMENT LEARNING FOR OBSTACLE AVOIDANCE

We detail the reinforcement learning algorithm used to train our obstacle avoidance
policy. We utilize PPO, a policy gradient method, to optimize the policy network
by maximizing expected rewards. We treat obstacle avoidance as a Markov Decision
Process (MDP), which structures decision-making in stochastic environments. Our
approach, distinct from other RL-based strategies [36, 59], is tailored to handle en-
vironments of varying complexity, allowing the policy to adaptively respond to envi-
ronmental challenges.
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3.4.1. PROBLEM FORMULATION

We use the AvoidBench simulator [81] for RL environment setup. Our drone, equipped
with a stereo camera, uses PPO for training. For enhanced efficiency, we replace
RotorS [24] dynamics model with a simpler kinematics model to allow parallel data
generation with multiple drones. The control command includes 3D acceleration and
a 1D yaw rate. The kinematics model is:

p=R)v, 1 =a, (3.3)

where p is the drone’s position in the world frame, v is its velocity in the body frame,
R’ is the rotation matrix from the body to the world frame, and a is the body-frame
acceleration. This simplified kinematics model is used solely for policy training. For
benchmarking against other methods, the RotorS dynamics model is employed.

The Markov Decision Process (MDP) for our model is defined as a tuple (<, «/, 27, %, 7),
where ¥ represents the state space, &/ denotes the action space, &2 defines the tran-
sition probability, # is the reward function, and y signifies the discount factor. The
state space .¥ comprises the current latent representation z;, along with the drone’s
state and target information x;. The action space </ includes the acceleration in the
body frame and the yaw rate. The transition function is deterministic, governed by
Equation 3.3. Thus, for any state s and action a, the transition probability & (s'|s, a)
is 1 for the unique next state s’ and 0 for others.

As illustrated in Figure 3.2(a), the drone’s state and target information at time ¢,
denoted as x;, is represented by a vector of length N;. In our specific case, N; is
equal to 7. The coordinate system is shown in Figure 3.3(a): the drone’s position
and velocity in world frame at time ¢ are denoted as p(x;, y;,z¢) and V(vy, Vys, Vzy),
respectively, with the target position represented as pg(xgt, ygt, zgt). The vector from
the drone to the target is d = pg—p, which represented as (dx;, dy:, d;;), and the drone’s
heading angle is . The bearing angle § is defined as the angle between the body
frame’s x;, axis and the target vector, while the track angle y represents the direction
of horizontal velocity in the world frame. The drone’s state and target information x;
is defined as:

/ /
X; = [dhors Vhors B> Azt Vat, X W1,

Ahor = ln(m+ 1), Vhor= \/m’ (3.4)
B' = p+y =arctan(dy,/dx),
X, =y-v= arctan(l/yt/th)’

Here, dy,r is the log horizontal distance to the target, vhor the drone’s horizontal
velocity, v, the vertical velocity, ' the direction to the target in the world frame, y’
the velocity direction in the body frame, and d;; the vertical distance to the target.
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Figure 3.3: (a) illustrates the drone’s coordinate system, with the bearing angle 8 be-
tween body axis x; and the target vector, and the track angle y as the hor-
izontal velocity’s direction in the world frame. (b) displays the drone’s av-
erage speed in response to uniformly bright gray images (green diamond),
and the mean and standard deviation of the speed when the input are
actual depth images from (c) (red circles). (c) presents an adaptive drone
trajectory in a cluttered environment. The blue hollow arrows point to the
reconstructed depth maps at the corresponding positions in the trajectory.
The drone decelerates when navigating complex obstacles and accelerates
in simpler scenarios, demonstrating dynamic speed adjustment based on

obstacle density.
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3.4.2. REWARD FUNCTIONS

The reward function is designed to ensure that the drone flies safely and efficiently.
As reaching the target and avoiding collisions are sparse rewards, we introduce a
progressive reward to efficiently guide the drone. The progressive reward is defined
as follows:

T'progress =Aq - dpor + Ap - |X, +1//—ﬁ'| +
Sign(Vhor — Vmax) *Av - Vhor + Az - dz+ (3.5)
Ap-1x'1+Aa- a1 —all,

where A4, Ap, Ay, Az, Ay, and A, are weights for each term. a; is the acceleration
from the policy at time ¢. The first two terms guide the drone towards the target by
penalizing horizontal distance and promoting correct directionality. The third term
penalizes high horizontal velocity (activated when vpor > Vmax and A, =0 for vy, <
Umax, Where v, represents the threshold for penalizing horizontal velocity). The
fourth term addresses vertical distance, the fifth encourages forward flight, and the
last penalizes jerk for smoother flight.

Then the whole reward function is defined as:

Texceed  if (Pt < Pmin OF Pr> Pmax)
(peix, y2})
Tarrive

r= TRAV if |dll < dmin (3.6)

Teollision if collision

I'progress Otherwise

where p;,in and ppax are the minimum and maximum values of the coordinates at
the boundary, respectively. We define rexceed @s the boundary-exceed penalty, rarrive
as the target arrival reward which can be obtained when the distance from the drone
to the target point is less than d;;;,;, and reopision s the collision penalty. TRAV,
introduced by Nous et al. [97], measures environmental clutter, accounting for drone’s
size and complex obstacle shapes. Higher values indicate easier navigation. PPO,
trained within a fixed time window, incentivizes faster flight for higher arrival rewards.
To balance safety and agility, the arrival reward inversely correlates with TRAV, while
the horizontal velocity penalty in Equation 3.5, moderates speed.

The episode terminates once any of the previously mentioned conditions are met,
following which the drone is reset to a new random starting point. In our setup, the
values are configured as follows: reyceeq = —2.0 for exceeding boundaries, 7pive = 10.0
for reaching the target, and rcopision = —2.0 for collisions. The traversability range,
TRAV, is set between 3 and 13. The progressive reward, Iprogress, ranges from -0.2 to
0 as defined in Equation 3.5. Notably, this progressive reward is considerably smaller
than the other rewards.
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3.4.3. TRAINING IN VARYING COMPLEXITY ENVIRONMENTS

We use AvoidBench [81] to set up the RL environment, which is designed to test
vision-based obstacle avoidance algorithms. AvoidBench builds on Flightmare [20]
but includes larger bushes as obstacles, offering more environmental complexity than
Flightmare’s thin red trees. This complexity is adjustable via the radius of the Poisson
distribution.

To enhance training efficiency, we start with a warm-up in a simpler environment
(12-meter Poisson radius) to facilitate learning of basic navigation and achieving high
rewards. We then increase the complexity (Poisson radius between 3.0 and 5.4 meters)
to train the drone on speed adjustment relative to environmental density—speeding
up in simpler settings and slowing in denser ones. This adaptive speed feature is
crucial for balancing agility and safety in cluttered environments.

As illustrated in Figure 3.3(b), the task involves the drone flying from the green arrow
(start point) to the red arrow (target). The trajectory is color-coded to represent the
drone’s velocity. Additionally, we display some predicted depth images generated by
our memory-augmented latent representation. These images are presented as pairs of
(f,_lo,ft). For instance, in the pairs (fo,flo) and (flo,fgo), it is evident that the drone
retains memory of the depth image Iy seen 10 timestamps earlier. Observations from
pairs (I19, 1), (I70, Ig0), and (Izgs, I>15) demonstrate the drone’s tendency to decelerate
when encountering complex obstacles and to accelerate when observed distances in
the flight direction are larger, as seen in (I149, [150) and (250, [260)-

We collected depth images and their corresponding speeds along the trajectory in
Figure 3.3(b) at 0.1s intervals. The images were divided into six groups based on
their average grayscale value, with each group containing an equal number of images.
The average grayscale and speed, along with their standard deviations, were then
calculated to plot the curve of red circles shown in Figure 3.3(c). Speed responses to
uniformly bright gray images, represented by green diamonds, are measured during
stable zero acceleration periods, closely matching real navigation speeds. The plots
show an inverse relationship between drone speed and obstacle proximity, with faster
speeds when obstacles are distant and slower speeds as they get closer.

3.5. EXPERIMENTS

To assess MAVRLs effectiveness, we conducted a series of experiments. We trained
various latent representations to predict past, current, and future depths, then com-
pared their performance using a policy network with consistent parameters. We also
evaluated MAVRLs varying speed feature by comparing a fixed-speed training regime
to Agile-Autonomy [30] and Ego-planner [15], focusing on success rate and the bal-
ance between safety and agility. Finally, we implemented our network on an actual
drone with minimal fine-tuning. It should be noted that all training and testing are
performed in static obstacle environments.

All simulation experiments are run on a server with an Intel Core i7-13700K CPU
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and an NVIDIA GeForce RTX 4090 GPU. To get enough training results for statistical
analysis, we create 5 docker containers in the server and run per configuration 5
parallel, independent training processes.

3.5.1. LATENT REPRESENTATION

To assess the effectiveness of our latent representation, we conducted several ablation
studies. Initially, we trained the network end-to-end, followed by training the policy
network with encoder in the loop (no decoder and reconstruction loss). Then, we
trained the policy with LSTM in the loop while the encoder was pre-trained as a VAE
model.

We trained five policies with the same parameters but different random seeds for
each ablation study, conducting 600 iterations with checkpoints every 20. Each policy
was tested on four maps, performing 25 trials per map, resulting in 5 x 4 x 25 trials
per study. As depicted in Figure 3.4, our memory-augmented latent representation
(purple line) surpassed both the encoder in-the-loop (pink line) and LSTM in-the-
loop (yellow line) policies in obstacle avoidance, with shaded areas showing standard
deviations.

Further, to assess the necessity of LSTM, we experimented with inputs of embedded
I;—50 and I; from the data buffer directly without an LSTM policy. The cyan line
in Figure 3.4 indicates that the success rate is significantly higher when using the
memory-augmented latent representation with LSTM compared to using embedded
inputs alone. This confirms that LSTM’s continuous memory capabilities substantially
enhance performance in obstacle avoidance tasks.
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Figure 3.4: Average success rates of I;_19 & I; supervised LSTM latent space policy
(purple line), encoder in-the-loop without LSTM policy (pink line), LSTM
in-the-loop policy (yellow line), and embedded I;_p9 & I; without LSTM
policy (cyan line). The shaded area represents the standard deviation.
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To evaluate the effectiveness of the memory-augmented latent representation, we
conducted an experiment where the LSTM was trained using various reconstruction
configurations. These configurations were then employed to train the policy network.
We investigated eight distinct types of latent representations for this study:

e Current depth image prediction I;,
e Future depth prediction I;;+19 with only embedded depth as LSTM’s inputs,

e Future depth prediction I;+19 with embedded depth, current actions a; and
states x; as LSTM’s inputs,

e Current depth I;, with short-term future I;419,
* Current depth I;, with long-term future I2¢,
* Current depth I;, and past depth I;_;q,

e Current depth I, with more distant past I;_,

e Current I;, past I;_»p, and future I;419 depth maps, also with current actions a;,
and states x; as LSTM’s inputs,

where predicting current depth [22] and predicting future depth [39] separately are the
most common in the literature. Considering the onboard computing constraints, we
set the high-level control frequency to 10 Hz. To assess the impact of different memory
lengths, we tested various T values to reconstruct current and past depths (I;&I;—7).
Success rates of obstacle avoidance in the same evaluation environments are shown
in Table 3.1. For the ablation studies, we selected T = 20, the best value from the
fine-tuned hyperparameter results, and used 7 =10 as a comparison reference.

Table 3.1: Influence of different T.

T 0 1 5 10 15 20 30
success rate 0.50 0.58 061 0.64 0.67 0.74 0.61

To evaluate how various latent representations affect policy network performance
and the benefits of augmented memory, we conducted an extensive testing regimen.
The policy network, using consistent latent representations, was trained ten times,
each with a unique random seed, saving checkpoints every 20 iterations for a total of
600 iterations. The evaluation was conducted the same as the ablation study, and the
results are detailed in Figure 3.5 and Table 3.2.

In Table 3.2, we compared the highest success rate checkpoints for each latent repre-
sentation, detailing average success rates and standard deviations. Figure 3.5 displays
the success rates of I;, I;+19 without actions, I;.10 with actions, the superior combi-
nations I;&I;_»q (the better one compared with I;&I;_1¢), and I;&I;+1¢ (the better one
compared with I;&I;;29). The P-values from permutation tests [102] for each latent
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representation compared to I; and I;;19 are provided in the last two columns of Table
3.2. A P-value below 0.05 signifies significant differences. For example, the P-value
for I;&J;_po versus I;+19 is 0.0016, suggesting only a 0.16% chance that the results are
from the same distribution. Comparatively, the P-value for I;&I;_»y versus I; is 0.0,
indicating a significant difference.
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Figure 3.5: Success rates of I;, 1119 without actions, I;,19 with actions, and the supe-
rior combinations I;&I;—»9 and I;&I;+19. The shadow area represents the
standard deviation.

Table 3.2: Comparison of different types of latent space.

P-Value
Latent space Mean + std for 1)  (for T,110)

I; 0.500 £0.037 - -

Ii10 0.601+0.083 0.0015 -
I;110 with actions 0.650 +0.042 0.0 0.0686
L&l 19 0.636+0.089  0.0001 0.1913
L &Iy 0.707 £0.051 0.0 0.0016
I:&I410 0.692 £0.080 0.0 0.0110
I &I 40 0.664+£0.100  0.0001 0.0680
Ti_po&1I&1I;+19 with actions  0.700+0.101 0.0 0.0120

Thus, we deduce that augmenting current depth with past or future information
consistently outperforms predictions based solely on current depth. The combination
of I; and I;_»y emerged as the most effective, closely followed by the combination of
current and future depth I;&I;;19 which are both much better than only predicting
future depth. Adding actions as input when predicting the future also improves the
performance. Predicting I;_5g, I;, and I;419, along with auxiliary predictions of the
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drone’s state and action, performs similarly to the latent representation obtained by
predicting only I; and I;_po. This leads us to conclude that predicting past depth can
be more beneficial in our task.

Since the LSTM training dataset was gathered using an initial policy, we compiled
Table 3.3 to show the variations in predicting past, current, and future depths across
different latent spaces, both before and after retraining with PPO. The mean and
standard deviation, calculated from the grayscale values of the depth images, reveal
that future prediction errors are the highest, though they slightly improve when actions
are incorporated for I;.j9. Lower errors indicate that the latent space retains more
features (3.2(b)). Reconstruction accuracy decreases slightly after retraining PPO.

Table 3.3: Errors of different prediction items.

Predicted Item Mean + std
(Before PPO retraining) (After PPO retraining)

I 26.96 +12.01 34.07+12.48

Ii—10 22.35+10.09 30.19+12.24

I; 19.31+8.96 22.66 +8.69

Iiv10 41.44+22.04 49.46 £20.05

Iii20 49.67+25.51 52.68 £21.20

I;4+10 with actions 36.34+19.04 47.55+18.18

Memory-augmented latent spaces significantly enhance drone navigation in envi-
ronments with large obstacles, as shown in Figure 3.1(b). Drones with memory navi-
gate around large obstacles more effectively, opting for longer, safer paths, while those
without memory often become entrapped. This highlights the crucial role of memory
in improving obstacle avoidance, particularly with larger obstructions.

3.5.2. BENCHMARKING FOR VARYING SPEED POLICY

Since predicting past and future depth images significantly improves policy perfor-
mance, we use the combination of I; and I;—»¢ as the latent representation for the
following experiments. To evaluate the impact of a varying speed policy, we compared
a policy network trained with variable speeds against one with a fixed speed. For the
fixed speed setup, we modified the velocity penalty in the reward formula (Equation
3.5) to Ay |Uhor — Vdesirel, Where vgesire i the desired velocity. While A, was set high, it
remained lower than the collision penalty, allowing consistent speed learning. Both of
the fixed speed model and varying speed model were then benchmarked against the
learning-based Agile-Autonomy method [30] and the optimization-based Ego-planner
[15] using the AvoidBench framework [81].

For MAVRL, it utilized the MPC controller from Agilicious [99] when outputting
acceleration commands, which then generated body rate and thrust commands for
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Figure 3.6: (a) is the success rate of 2 different MAVRL versions, Agile-Autonomy and
Ego-Planner. (b) is the average goal velocity (AGV) of 2 different MAVRL
versions, Agile-Autonomy and Ego-Planner. (c) is the Pareto frontier of
success rate versus average flight speed.
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the drone. Figure 3.6(a) shows the success rates over six groups, each with seven maps
and 30 trials per map (1260 runs per method), indicating MAVRL with varying speed
often performs best. Figure 3.6(b) explores the link between average goal velocity
(AGV) [81] and map complexity, revealing MAVRL with varying speed tends to have
higher AGV in less complex environments, while all algorithms maintain a similar AGV
(around 2.0 m/s).

To validate MAVRLs superior performance across various agility levels when em-
ploying varying speeds, we fine-tuned the reward function parameters of both MAVRL
variants to achieve different average flight speeds. This led to the construction of a
Pareto frontier of success rate versus average flight speed, as shown in Figure 3.6(c).
The results confirm that MAVRL with varying speed forms the Pareto frontier, domi-
nating the results of the other methods. However, its average speed could not exceed
3.0 m/s due to flight distance limitations, although the maximum speed reached 5.5
m/s.

3.5.3. REAL WORLD TESTS

Figure 3.7: Real world test of MAVRL.

To validate MAVRLs real-world efficacy, we implemented our network on a real
drone, maintaining the same architecture and hyperparameters as in our simulation
experiments. Our test setup included a quadrotor equipped with 5-inch propellers and
a Realsense D435i camera, powered by a Jetson Xavier NX featuring a 384-core GPU, 48
Tensor Cores, and a 6-core ARM CPU. On the RTX 4090 server, the network inference
speed reaches 275Hz, while on the Xavier NX it reaches 15Hz. To ensure sufficient
onboard computing power for MPC and data recording, we set the acceleration control
frequency to 10Hz on both the simulator and the real drone, with the MPC generating
a high-frequency low-level control command at 100Hz.

Depth images were captured with a Realsense D435i stereo camera facing forward
on the drone, which has the same resolution and field of view setups as simulator. The
simulation improved depth map accuracy by using the SGM algorithm without dis-
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tortion, while the Realsense D435i achieved centimeter-level accuracy up to 3 meters
in real world. Indoor positioning information is provided by Optitrack, while outdoor
positioning information is provided by a RealSense T265 tracking camera.

Due to the real scene’s environmental background shown in Figure 3.7 being too
close to the obstacles, the VAE and LSTM trained in simulation struggled to differen-
tiate between obstacles and background effectively. We collected approximately 1,200
real depth maps and fine-tuned the VAE and LSTM using a smaller learning rate, con-
sistent with the training method described in Section III for these components. When
using the PPO network trained in the original simulation environment, the latent
space generated by the fine-tuned VAE and LSTM was still able to effectively perform
obstacle avoidance navigation tasks. As shown in Figure 3.7, the drone successfully
navigated a cluttered environment, utilizing a latent representation augmented with
past memory. In the supplementary video, we show that a network fine-tuned indoors
can operate outdoors but is more prone to collisions in forests due to small branches
and leaves being underrepresented in the latent space.

3.6. CONCLUSION

Our approach leverages memory-augmented latent representations to endow the drone
with a recollection of past scenarios. Experimental results demonstrated that recon-
structing a more extensive history of past and current depth information significantly
enhances the drone’s performance in reinforcement learning-based obstacle avoid-
ance tasks. Additionally, we established that adopting a varying speed strategy not
only improves success rates but also strikes an optimal balance between safety and
agility. The successful deployment of our network on a real drone, requiring min-
imal fine-tuning, marks a significant achievement. Looking forward, we will focus
on improving the prediction and avoidance of dynamic obstacles while ensuring the
retention of information about small obstacles, such as branches and leaves.







LEARNING TO SEE LIKE A
SIMULATOR FOR REAL-WORLD
DRONE NAVIGATION

Chapter 3 shows that high-fidelity simulation and complexity-aware training can pro-
duce strong varying-speed policies, but practical deployment requires these policies to
remain reliable when both perception and dynamics deviate from the simulator. This
motivates Research Question 3: bridging the sim-to-real gap for vision-based obsta-
cle avoidance. Building directly on the learned representations and policies from the
previous chapter, this chapter focuses on transferring depth-based navigation from sim-
ulation to real drones by explicitly addressing the two dominant sources of mismatch.
It introduces a depth transfer approach that aligns simulated and real depth at the
feature level via domain adaptation, while also reducing control sensitivity through a
reference generation strategy that can be tracked consistently across platforms. Together,
these components aim to preserve the behavior learned in simulation while enabling
robust zero-shot deployment in visually complex real environments such as forests.

This chapter is based on the following article:
H. Yu, C. De Wagter and G. C. H. E. de Croon, Depth Transfer: Learning to See Like a Simulator for
Real-World Drone Navigation, IEEE Robotics and Automation Letters (2025)
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4.1. INTRODUCTION

Vision-based navigation allows drones to fly autonomously in cluttered environments
using only onboard sensing. Compared with map-based planning pipelines that rely
on accurate global localization, reactive vision-based policies can be more tolerant to
drift and intermittent perception failures, which makes them attractive for GPS-denied
outdoor flight. At the same time, learning such policies directly in the real world is
expensive and risky: collecting sufficient coverage of diverse obstacles and lighting
conditions often requires extensive trial-and-error and can easily lead to collisions.
Consequently, reinforcement learning (RL) is typically performed in simulation, where
millions of interactions can be generated safely and efficiently using modern GPU-
accelerated platforms [16, 19, 20]. However, this convenience comes with a well-
known challenge: policies trained on simulated perception frequently degrade when
deployed on real sensors due to domain shift.

Among visual modalities, depth is often considered a strong candidate for sim-to-
real transfer because it provides geometry while discarding most appearance-specific
factors such as texture and color. Nevertheless, “depth” in simulation and in the real
world can be qualitatively different. Simulators typically provide clean and complete
ground-truth depth, whereas real depth estimated from stereo matching is affected by
textureless regions, reflective surfaces, motion blur, and lighting changes, producing
missing pixels and spurious discontinuities. These artifacts can significantly alter the
obstacle cues available to the policy and therefore become a major bottleneck for
zero-shot deployment.

To address this gap, we propose a depth transfer method that explicitly aligns stereo
depth images with simulated ground truth through representation learning and do-
main adaptation. Our key idea is to separate perception from control during training:
we first learn a compact latent representation of depth using a variational autoencoder
(VAE), and then train an RL policy on the latent state. Afterward, we adapt the en-
coder to real (or alternative simulator) stereo depth by enforcing feature-level domain
invariance, so that the downstream policy can operate on a latent space that is con-
sistent with what it encountered during RL training. This design allows us to reuse
the same policy while updating only the perception module when the observation
distribution changes.

We evaluate the proposed approach in both simulation and real-world environ-
ments. In particular, we benchmark zero-shot transfer in AvoidBench [81] and val-
idate real-world flight in forested scenes, where depth estimation noise and view-
point changes are pronounced. Figure 4.1(b,c) illustrates the evaluation environments
and representative trajectories. Together, these experiments demonstrate that align-
ing depth representations substantially improves robustness compared with directly
deploying a simulator-trained encoder on real stereo depth.

The remainder of this chapter is organized as follows. We first review related work
on RL-based obstacle avoidance and sim-to-real transfer. We then introduce the pro-
posed depth transfer framework, including latent representation learning and feature-
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Figure 4.1:
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(a) is the basic framework of the obstacle-free navigation system. When
training, the depth images are generated from IsaacGym and the policy is
trained in the simulator. During real-world deployment, the depth images
are collected from real environments and the policy is evaluated using the
refined encoder. (b) illustrates the forest environment for policy evalua-
tion. (c) shows the trajectory from (b), the point clouds here are only for
visualization.
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level domain adaptation. Next, we describe the RL formulation and training details
for obstacle avoidance. Finally, we present comprehensive evaluations in simulation
(IsaacGym and AvoidBench) and real-world environments.

Our main contributions are as follows.

* We propose a depth transfer method that aligns stereo depth images with sim-
ulator ground truth, enabling RL policies trained entirely in the IsaacGym sim-
ulator to generalize effectively to both the photo-realistic simulator AvoidBench
and real-world environments.

° We improve latent representation quality by optimizing the VAE architecture
and applying min-pooling dilation to better capture obstacle structures in depth
maps.

4.2. RELATED WORK

This chapter is closely related to two research threads. The first concerns reinforce-
ment learning for vision-based navigation and obstacle avoidance, where policies are
trained end-to-end from raw sensory inputs to control commands. The second fo-
cuses on sim-to-real transfer, including domain randomization and domain adapta-
tion techniques that reduce the discrepancy between simulated observations and real
sensor measurements. In the following, we briefly review representative approaches
and highlight how our method differs by adapting depth at the representation level
while keeping the downstream policy fixed.

4.2.1. RL-BASED OBSTACLE AVOIDANCE

RL-based obstacle avoidance methods typically formulate navigation as a Markov de-
cision process and learn a policy through trial-and-error interactions. For MAVs, this
learning paradigm is appealing because it can capture coupled perception-control
effects and does not require explicit mapping or obstacle detection, which are often
brittle at high speed. At the same time, the learned policy is only as reliable as the
observation distribution it is trained on, which makes the choice of visual represen-
tation and training environment particularly important. RL has been widely applied
to navigation tasks on various robotic platforms, including drones [34, 35]. Although
effective in state-based settings, training RL agents directly from raw pixel data re-
mains challenging due to the high dimensionality of visual inputs. To overcome the
difficulty of training vision-based RL policies directly from high-dimensional input,
previous work has adopted a two-stage strategy. First, an expert policy is trained us-
ing state-based observations, which are typically low-dimensional and easier to learn.
Then, a vision-based student policy is trained via imitation learning to mimic the
expert [33, 36].

Despite these successes, directly training end-to-end visuomotor policies can be
sample-inefficient and may overfit to simulator-specific cues. An alternative solution
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is to use representation learning with staged pretraining, which first extracts com-
pact and informative features from high-dimensional inputs before training the pol-
icy, offering improved sample efficiency and generalization compared to fully end-
to-end learning. For instance, Mihir et al.[38] introduced the Depth Image-based
Collision Encoder (DCE), which addresses the challenge of high-dimensional depth
input by compressing it into a compact latent space, while simultaneously enhanc-
ing the preservation of fine obstacle details through geometric expansion[22]. A well-
structured latent space improves both navigation and obstacle avoidance performance.
To incorporate temporal context, David et al. [39] used the Long Short-Term Mem-
ory (LSTM) to predict future depth from historical latent features. Building on this
idea, a subsequent approach [85] enhances memory representation by predicting both
the previous and current depth images, yielding a more structured and explicit latent
space that outperforms memory-free baselines and methods relying solely on future
predictions. We verify that optimizing the VAE architecture to improve depth recon-
struction, combined with simple pixel-level dilation, can also preserve more obstacle
details and enhance navigation success.

4.2.2. SIM-TO-REAL TRANSFER AND DOMAIN ADAPTATION

Transferring learned navigation policies from simulation to the real world has been
studied extensively, and solutions range from increasing robustness during training to
explicitly aligning source and target domains. Because our approach relies on stereo
depth, we focus on methods that address observation mismatch rather than only
dynamics mismatch.

Multiple techniques have been proposed to improve sim-to-real transfer. To improve
generalization, domain randomization has been widely used by introducing physical
perturbations in simulators [34, 35, 60, 62]. While effective for robotic dynamics and
obstacle layouts, it struggles with complex visual discrepancies. For instance, [61]
proposed using visually diverse simulation data, but this approach suffers from limited
coverage and reduced training efficiency.

By optimizing contrastive loss between source and target embeddings, a drone rac-
ing policy can achieve zero-shot transfer [103]. However, this requires anchor-target
image pairs with consistent scene elements, such as gate positions. In obstacle avoid-
ance, real-world obstacles often differ in shape and size from simulation, making such
correspondence difficult and reducing the effectiveness of contrastive loss.

Stereo vision has a number of challenges that lead to imperfect depth maps, in-
cluding texture-poor areas, reflections, areas that are occluded in one of the images,
etc. This leads to artifacts and invalid regions in stereo depth images, making them
substantially different from ground-truth depth images available in simulations. One
partial solution to this is to perform stereo vision with images generated in the sim-
ulator [30, 85]. However, doing this during reinforcement learning is computationally
expensive and still differs from real-world data. Reducing the resolution of the depth
map, as suggested in [104], can help mitigate the domain gap introduced by stereo
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vision. However, this process often results in the loss of fine details, making it less
effective for detecting thin or small obstacles.

Domain adaptation provides an alternative by aligning models trained on one do-
main with data from another. It has been widely explored in computer vision [67,
69, 70], and more recently in reinforcement learning [66]. Many methods adopt a
two-stage pipeline: (1) learning domain-invariant representations, followed by (2) RL
training [73, 74]. However, these methods often require data from multiple domains
during training and are typically still validated in visual environments like CarRacing
or CARLA [78].

In this work, we propose a feature-level domain adaptation method to bridge the
gap between simulated and real-world depth. A VAE trained on IsaacGym ground
truth depth is aligned with stereo depth via domain adaptation, enabling an RL policy
trained in simple simulation to transfer effectively to AvoidBench [81] and real-world
environments.

4.3. DEPTH TRANSFER BASED ON DOMAIN ADAPTATION

Following the training pipeline proposed in [85], we adopt a similar approach to train
an RL agent for obstacle-free navigation. The VAE is used to embed high-dimensional
depth images into a 64-dimensional latent space, which is then processed by a LSTM
module. The LSTM is trained for the reconstruction of both the previous and cur-
rent depth images, producing a 256-dimensional latent representation that encodes
temporal information. This output is concatenated with the drone’s state and target
information and is used as input to the RL policy.

Concretely, the pipeline decouples perception learning and policy optimization. We
first train a policy with ground-truth depth in a lightweight simulator to obtain stable
control behavior, and then refine only the perception front-end so that real stereo
depth is mapped into the same latent space. This staged strategy reduces the bur-
den on RL to simultaneously solve representation learning and control, and it allows
adaptation using unlabelled target-domain depth images without requiring additional
RL rollouts in the real world.

To bridge the visual gap between simulation and the real world, we propose a depth
transfer method based on domain adaptation. This approach aligns the latent spaces
of depth images across domains, allowing the policy trained in simulation to be di-
rectly deployed in real-world environments. The full training process consists of the
following steps:

1. Train an initial PPO policy in IsaacGym with a few obstacles using ground-truth
depth images. The encoder and LSTM are integrated but randomly initialized
and kept frozen during this step.

2. Collect depth images with the initial policy and train the VAE to map into a
64-dimensional latent space.
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3. Train the LSTM to reconstruct both past and current depth images from the
latent embeddings.

4. Retrain the PPO policy using the outputs from the trained LSTM, concatenated
with the drone’s state and target position, as policy input.

5. Perform domain adaptation by retraining the encoder on stereo depth images
from IsaacGym, AvoidBench, or the real world to align their latent space with
that of the simulated ground truth.

6. Evaluate the policy in AvoidBench and real-world environments using the re-
fined encoder.

The first stage establishes a strong control policy under idealized depth, while the
second stage focuses on making the depth encoder robust to the artifacts present in
stereo reconstruction. We next describe the latent representation learning module and
then introduce the domain adaptation objective used for sim-to-real depth transfer.

4.3.1. LATENT REPRESENTATION LEARNING

We employ a VAE to learn a latent representation of depth images. This latent space
serves two roles: it compresses high-dimensional depth observations into a compact
state for the RL policy, and it provides a feature space where domain alignment can
be performed more reliably than at the pixel level. In practice, this design also re-
duces the sensitivity of the policy to sparse missing values in stereo depth, because
the encoder can learn to “denoise” and complete local structure through the recon-
struction objective. The VAE consists of an encoder E and a decoder D. The encoder
maps depth images X to a latent space Zy,e, while the decoder reconstructs the depth
images from this latent representation. The VAE is trained by minimizing both the re-
construction loss and the Kullback-Leibler (KL) divergence between the learned latent
distribution and a prior distribution.

Unlike previous work [85], which relied solely on convolutional layers for feature
extraction, we incorporate a residual neural network (ResNet) architecture to enhance
the quality of the learned latent space. The ResNet architecture consists of a series of
residual blocks, each containing two convolutional layers with skip connections. These
skip connections facilitate gradient flow, allowing the network to learn more complex
features and improving the reconstruction quality of depth images. In addition, to
solve the problem of thin obstacles in depth maps, we apply a simple pixel-level
dilation to expand the obstacle sizes in the depth images, which we call the min-
pooling dilation. The min-pooling dilation can be expressed as follows:

Yii= min X (4.1)
b (m,n)e.%i_j mn

where X is the input depth map, £;,; represents the receptive field (i.e., the pooling
window) centered at position (i, j), and Y is the resulting output after the min-pooling
operation.
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As shown in the top part of Figure 4.2, the VAE is trained on depth images from
IsaacGym to extract compact latent representations. The encoder consists of a 16-
channel convolutional layer followed by six residual blocks, and outputs the mean and
variance of the latent distribution. The decoder mirrors the encoder to reconstruct
the input depth image. The VAE is optimized with a combination of reconstruction
and KL divergence losses.

Sim (0) / Real (1)

KL Loss

| Reconstruction Loss |

‘: Resnet Block ¢ \: Min Pooling ﬂ: Initialization ': Discriminator

Figure 4.2: Domain adaptation for depth transfer. The VAE is trained using depth im-
ages from IsaacGym. The encoder maps depth images to a latent space,
while the decoder reconstructs the depth images. The GRL and discrimi-
nator are used to align the latent spaces of simulated and real-world depth
images.

As illustrated in Figure 4.1(a), the latent vector from the encoder is used as input to
the LSTM. Following the architecture in [85], the LSTM is trained to reconstruct both
the previous and current depth images to capture temporal context. Specifically, the
LSTM output at time ¢ is passed through a fully connected (FC) layer and then split
into two latent vectors, Z;—r and Z;, which correspond to the predicted latent space for
time steps t—T and ¢, respectively. These two latent vectors are then passed through
the same VAE decoder used during pretraining to reconstruct the corresponding depth
images, Y,_r and Y;. Its output is concatenated with the drone’s state and target
position to train the PPO policy. The LSTM is optimized using the following loss:

Listm= Y, MSE(Yiiir, Verir), 4.2)
i=-1,0

where Y;,;7 denotes the reconstructed depth image at time ¢+ iT from the latent
input z;, and T is the temporal interval between prediction steps. Following the
setting validated in [85], we set T = 20.
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4.3.2. SIM-TO-REAL DEPTH TRANSFER

After training the policy in IsaacGym, we collect stereo depth images from simulators
or real-world environments and refine the VAE to align the resulting latent space
with that learned from ground-truth depth in simulation, as shown in the bottom
part of Figure 4.2. Before encoding, stereo depth images are preprocessed with min-
pooling dilation to enlarge obstacle regions. The VAE is initialized with weights from
simulation and fine-tuned using the collected stereo data.

To bridge the domain gap, we adopt a Gradient Reversal Layer (GRL) and a discrim-
inator. The use of GRL and domain discriminator for adversarial domain adaptation
was first introduced by Ganin et al. [68]. This approach enables feature alignment
through backpropagation without requiring explicit domain labels during training.
The GRL is placed between the latent space and discriminator to reverse gradients
during backpropagation, encouraging the encoder to generate domain-invariant rep-
resentations. The discriminator is trained to distinguish between simulated and real-
world latent features, thus guiding the encoder toward alignment. During the forward
pass, the GRL behaves as an identity function, i.e., Zg| = Zyae. Where zg, is the output
of the GRL. During backpropagation, the gradient of the loss function L with respect
to the input is reversed and scaled by Ag;:

oL oL
0Zyae - el aZgrl

where Ag is a hyperparameter that controls the strength of the gradient reversal.

4.3)

The discriminator is a binary classifier consisting of two fully connected layers fol-
lowed by a log-softmax layer. It outputs a probability p indicating whether the input
latent vector originates from the ground depth or the stereo depth. The entropy loss
of the discriminator is combined with the VAE loss to update the VAE for stereo depth
images. The loss function for the VAE is then updated as follows:

LAE = Lrecon T BLKL + Y Ldomain (4.4)

where Zgomain is the domain loss, and vy is a hyperparameter that balances the domain
loss with the reconstruction loss and KL divergence.

The domain adaptation loss Zgomain is defined as a binary cross-entropy loss ap-
plied to the discriminator, which distinguishes whether a latent vector z,e comes
from ground-truth or stereo depth images:

ZLdomain = _[Elége lOngis (Z\%ztae) - [Ez;‘,gege" IOg (1 — Dyis (Zfztaeereo)), (4.5)

where z%ée = E(X8) and z3[°° = E(X5'*"°) are latent vectors extracted from ground-
truth and stereo depth images, respectively. The discriminator Dgyis(-) outputs the
probability that the input belongs to the ground-truth domain, and E[:] denotes the
batch-wise expectation.

Since the GRL inverts the gradient during backpropagation, the encoder is trained
adversarially to fool the discriminator, encouraging the latent representations of ground
truth and stereo depth images to become indistinguishable.
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4.4. REINFORCEMENT LEARNING FOR OBSTACLE AVOIDANCE

In this section, we describe the reinforcement learning procedure used to train the ob-
stacle avoidance policy. The policy takes as input the latent representation produced
by the depth encoder (and the recurrent state) and outputs high-level navigation com-
mands, which are tracked by a low-level controller. By training the policy on the latent
space rather than raw depth, we obtain a compact and structured observation that
is easier to optimize and can later be preserved during sim-to-real adaptation. We
emphasize that the RL stage is performed entirely in simulation: real-world data are
only used to adapt the encoder, enabling zero-shot deployment of the learned control
policy.

4.4.1. TASK FORMULATION

The obstacle avoidance task is formulated as a Markov Decision Process (MDP), de-
fined by the tuple (¥, <f,2?,Z,y). Here, ¥ denotes the state space, which includes
the drone’s state, target information, and the latent representation extracted from
depth images. The action space < is defined as a = [acyq,¥], where acpnq is the
commanded acceleration and v is the yaw rate.

In our case, the transition function 22 is deterministic. We use the Aerial Gym
simulator [19] for training the RL agent. Aerial Gym is built on top of the IsaacGym
physics engine, which provides a drone model with realistic dynamics.

Given an action command a, we employ the reference trajectory generator from
Paparazzi' to produce smooth motion trajectories. By tuning the trajectory smoothing
parameters, we can closely match the drone’s response in simulation to that of the real
platform, effectively reducing the sim-to-real gap caused by differences in dynamics
and control.

A low-level controller maps the reference trajectory to the corresponding thrust
and torque commands, which are applied to the drone model. The drone’s state is
subsequently updated through rigid-body dynamics simulated by the physics engine.

4.4.2. OBSERVATIONS AND REWARD FUNCTION
OBSERVATIONS

At each time step f, the observation o; consists of a 14-dimensional physical state
vector and a 256-dimensional perception vector obtained from the VAE and LSTM.
The full observation is defined as:

0= [logdhor, dz, dnorm, vy, €, Wz, Z[], (4.6)

where dy,; and d, denote the horizontal and vertical distances to the target; dporm is
the normalized direction vector to the target; vy is the linear velocity in the world

1 wiki.paparazziuav.org
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frame; e = [¢, 6, ¥]T and wg are the Euler angle and the angular velocity in the body
frame; and z; is the 256-dimensional latent representation of the depth image.

REWARD FUNCTION

The reward function consists of a progress reward ry,;z and several terminal rewards.
The progress reward is defined as:

I'prog = Ag-logdnor + Az - d; + max(0, Vhor — Vmax) " Av * Vhor
+ Adir * I @norm — Unormll1 + Ainput ozl (4.7)
+ Aperc : (| V@,y| +max(0, - U@,x)) ,

where A4, Az, Ay, Adir, Ainput, and Aperc are negative hyperparameters that shape the
agent’s behavior.

The first two terms penalize the horizontal and vertical distances to the target,
encouraging the drone to approach it. The third term penalizes excessive horizon-
tal velocity vpor When it exceeds the predefined limit vy, ensuring safe and con-
trolled motion. The fourth term penalizes the angular deviation between the nor-
malized distance vector dpom and velocity vector vporm, guiding the drone to move
directly toward the target. The fifth term penalizes high angular velocity wg, pro-
moting stable attitude control. Finally, the last term introduces a perception-aware
penalty by discouraging lateral and backward motion in the body-frame velocity vz =
[Va,x» Vas,y, Vsl This encourages the drone to maintain a forward-facing flight. This
behavior does not emerge reliably without explicit penalization and was found to im-
prove obstacle avoidance performance in our experiments.

This progress reward is designed to balance goal-reaching efficiency, flight stability,
and safety, guiding the drone toward the target while maintaining a favorable attitude.

The overall reward function, composed of the progress reward and several terminal
rewards, is defined as:

Texceed»  if (Pt < Pmin O Pr> Pmax), PEX, )2}
Tarrive, if ld|l < dmin

r= N (4.8)
Teollision» if collision occurs

T'prog» otherwise

where pmin and pmax define the allowable position boundaries, and rexceed is the
penalty for flying out of bounds. The term dp, is the arrival threshold, and 7arrive
denotes the reward for successfully reaching the target. The term rgpision penalizes
collisions with obstacles, while rpog refers to the progress reward defined in Equa-
tion 4.7.
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4.5. EXPERIMENTS

We conduct a set of experiments to evaluate both components of the proposed method:
(i) the quality of the learned depth representation and its ability to preserve obsta-
cle geometry, and (ii) the resulting navigation performance under zero-shot transfer
across simulators and in real environments. Unless otherwise specified, we report
success rate and collision statistics and compare against encoder/policy variants that
isolate the impact of each design choice.

4.5.1. DEPTH RECONSTRUCTION WITH MIN-POOLING DILATION

Ground Truth VAE Resnet VAE

Raw

Min-pooling
Dilation

Figure 4.3: Depth reconstruction with min-pooling dilation. The first column shows
the original depth and after dilation. The second and third columns com-
pare the reconstructed depth images from a standard VAE and a VAE with
a ResNet architecture.

Different from prior work [85], we apply min-pooling dilation to enlarge obstacle
regions in depth images. Intuitively, this operation acts as a conservative “safety mar-
gin” in the perception space: thin structures and partial depth returns are expanded
so that the encoder and policy are encouraged to treat them as solid obstacles. This is
particularly beneficial for stereo depth, where small gaps and missing pixels can oth-
erwise lead to underestimating the occupied space. As shown in the first column of
Figure 4.3, this makes obstacles more prominent and easier to detect. The second and
third columns compare reconstructions from a standard VAE [85] and a ResNet-based
VAE, with the latter producing outputs much closer to the ground truth. When com-
bined with min-pooling dilation, reconstruction quality improves further—especially
for nearby regions—by preserving fine details and better separating obstacles from
the background.

To assess the impact of the ResNet-based VAE and min-pooling dilation on obsta-
cle avoidance, we trained four policies with different latent representations: standard
VAE, VAE with dilation, ResNet VAE, and ResNet VAE with dilation. Evaluation was per-
formed on 24 maps of varying complexity, each with 10 trials. As shown in Table 4.1,



4.5. EXPERIMENTS 63

both the ResNet architecture and min-pooling yield substantial performance gains,
with their combination achieving the highest success rate. While the absolute success
rates may appear modest, the task setting is highly challenging, featuring dense and
randomized obstacle layouts. This controlled comparison allows us to attribute per-
formance changes to representation quality versus observation preprocessing, rather
than to differences in RL hyperparameters or training environments.

4.5.2. VISUALIZATION AND ANALYSIS OF LATENT REPRESENTATIONS

The RL policy will be trained in IsaacGym with ground truth depth images, since
using the stereo depth means the simulator always need to render two images and
run the stereo matching algorithm, which is time-consuming and not efficient. The
goal of the domain adaptation is to align the latent spaces of the depth images from
different sources, so that the policy trained in IsaacGym can be directly transferred to
the visually more realistic AvoidBench and real-world environments.

To support the VAE encoder domain adaptation, we collected about 80,000 ground-
truth depth images and 80,000 stereo depth images from IsaacGym, using the former
as source data and the latter as target data. We further collected roughly 40,000 stereo
depth images from AvoidBench and 6,000 real-world depth images with an Intel Re-
alSense camera, both as target data. All simulation data were acquired automatically
using a pre-trained policy, without manual intervention.

Table 4.2 summarizes an ablation study on the GRL-related hyperparameters Agy
and vy, which control the gradient reversal strength and domain loss weight, respec-
tively. The results show that our method remains effective across a range of values.
The highest success rate (77.5%) is achieved when Ag = 1.0 and y = 50, corresponding
to a balanced domain loss. Performance degrades only when vy is too small (y = 10),
indicating excessive discriminator strength. These findings suggest that our framework
is robust to hyperparameter choices.

To evaluate the effectiveness of feature-level domain adaptation, we use t-SNE [105]
to visualize the latent space (Figure 4.4). The visualization includes four categories:
ground-truth depth from IsaacGym (orange), stereo depth from IsaacGym (yellow),
AvoidBench (blue), and real-world data (purple).

In the top-left plot of Figure 4.4, a single encoder trained on ground-truth depth
produces clear domain separation, especially between ground truth and the three
stereo-style depth categories. After applying domain adaptation (top-right), the dis-
tributions become closely aligned, indicating effective feature-level adaptation.

The bottom plots examine whether an encoder refined with IsaacGym or Avoid-
Bench stereo depth can generalize to real-world inputs. Compared to the top-right
configuration (with dedicated encoders), both single-encoder variants show poorer
alignment with real-world depth images.

We quantify the alignment using the Geometric Separability Index (GSI) [106], where
lower values indicate better inter-class mixing. We computed the GSI values for the
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Figure 4.4: t-SNE visualization of latent space alignment. The plot includes ground
truth depth images from IsaacGym (orange), stereo depth images from
IsaacGym (yellow), stereo depth images from AvoidBench (blue), and real-
world depth images (purple).
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Table 4.1: Ablation studies for Resnet VAE and min-pooling dilation

vaE VAE & pecnet vap  Resnet VAE &
Dilation Dilation
Success
Rate (%) 50.4 64.2 59.6 71.7

Table 4.2: Ablation study of GRL hyperparameters
Agit 1Y | 05/50 1/1 1/10 1/20 1/50

Domain loss 0.542 0.231  0.309 0.453 0.610

Success Rate (%) | 75 613 688 775 775

ground truth depth images from IsaacGym and real-world depth images under four
different encoder configurations, as reported in each plot of Figure 4.4. The con-
figuration where all categories use different encoders achieves the lowest GSI value
(0.8587), indicating the best latent space alignment. In contrast, the configuration
where the encoder was refined using stereo depth images from AvoidBench results in
a higher GSI value (0.9289), though still lower than the baseline where all categories
use the same encoder (0.9713). Refining the encoder with stereo depth images from
IsaacGym also improves alignment (0.9516) for real-world depth images, though it is
less effective than using AvoidBench for adaptation. These results confirm that do-
main adaptation effectively aligns the latent spaces of different depth inputs, with the
best alignment achieved using separate encoders or AvoidBench-refined features for
real-world deployment.

4.5.3. ZERO-SHOT POLICY TRANSFER IN ISAACGYM

We first test transfer in a controlled simulator setting to isolate perception shift while
keeping dynamics and reward definitions consistent. Specifically, we evaluate policies
with different encoders on stereo depth generated under varying rendering and noise
configurations. These experiments quantify how much of the performance drop is
attributable to the depth representation alone.

We assess the effectiveness of our depth transfer method by deploying a policy
trained on ground truth depth images to stereo depth images in IsaacGym. Evaluation
is conducted across eight maps with different obstacle layouts, each comprising ten
trials with randomized start and target positions. The success rate is defined as the
percentage of trials in which the drone reaches the target without collisions.

As shown in Figure 4.5, the policy trained on ground truth depth fails to generalize to
stereo depth images without domain adaptation (left), resulting in frequent collisions
and missed targets. After applying domain adaptation (right), the latent space is better
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aligned, enabling successful navigation.

We also trained a stereo baseline policy using stereo depth images from IsaacGym.
Owing to the higher computational cost, it required about 50 hours to converge, com-
pared to 18 hours for the policy trained on ground-truth depth. All experiments were
run on an RTX 4090 GPU. The evaluation results are summarized in Table 4.3. The
GT column represents the upper bound performance, where evaluation is conducted
using ground truth depth images. The Stereo Baseline column shows the performance
of the stereo baseline policy, which is lower than the GT upper bound due to the chal-
lenges of training with stereo depth images. The Stereo column presents the evaluation
results for a policy trained on ground truth depth images but evaluated directly with
stereo depth images without any refinement, resulting in a significant performance
drop. The Refinement w/o DA column shows results where the encoder is refined solely
using the VAE loss, without domain adaptation. In contrast, the Domain Adaptation
column represents a policy trained on ground truth depth images but evaluated with
stereo depth images after applying domain adaptation, demonstrating improved gen-
eralization. All of the above policies use the VAE latent space as input. The highest
success rate is achieved by the LSTM & DA configuration, which incorporates tem-
poral memory via an LSTM and refines the encoder but not the policy using both
reconstruction and domain adaptation losses.

4.5.4. ZERO-SHOT POLICY TRANSFER IN AVOIDBENCH

We next benchmark the same policies in AvoidBench, which provides more diverse
scenes and photo-realistic rendering. This setting is closer to real-world deployment
and stresses generalization across obstacle layouts and visual conditions. We follow
the standardized evaluation protocol and report results across multiple environment
difficulties.

More
collisions

Figure 4.5: Policy evaluation in IsaacGym with different encoders. The left picture
shows the policy evaluated with stereo depth images without domain adap-
tation, and the right picture shows the policy evaluated with stereo depth
images after domain adaptation.
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Table 4.3: Evaluations across different latent space configurations.

Stereo Stereo Refinement Domain LSTM
Baseline w/o DA Adaptation & DA
Success
Rate (%) 92.5‘ 78.8 40.0 63.8 77.5 81.2

To evaluate the overall performance of our obstacle avoidance approach, we bench-
marked the proposed method using AvoidBench. Two policies with different maxi-
mum speed limits were trained by fine-tuning the progress reward hyperparameters
in Equation 4.7. These policies were then evaluated using stereo depth images as in-
put. As shown in Figure 4.6, the x-axis denotes the average goal velocity [81], while the
y-axis indicates the corresponding success rate. Each marker in the plot represents
aggregated results over 1260 trials (30 trials per map across 42 maps).

Each policy is evaluated using three encoder configurations: an upward-pointing
triangle denotes the encoder trained solely on ground truth depth images from Isaac-
Gym without domain adaptation; a diamond-shaped marker represents the encoder
refined with stereo depth images from IsaacGym; and a downward-pointing triangle
indicates the encoder refined with stereo depth images from AvoidBench. Although
the policies are trained in IsaacGym using ground truth depth images, the domain
adaptation is conducted separately using stereo depth data from different sources.
The points connected by blue dotted lines represent the results of the same policy
using latent spaces generated by different encoders, while the red dotted line denotes
the Pareto frontier.

Square markers represent MAVRL [85], which trains both the encoder and policy

DA(AvoidBench, Ours) w/o DA(Ours) % Agile-autonomy
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Figure 4.6: Pareto front of the proposed method compared to existing approaches.




68 4. LEARNING TO SEE LIKE A SIMULATOR FOR REAL-WORLD DRONE NAVIGATION

directly in AvoidBench using stereo depth. Star and cross markers indicate Agile-
Autonomy [30] and Ego-Planner [15], respectively. MAVRL performs best in low-speed
scenarios (average velocity < 2.1 m/s), likely due to full training in AvoidBench. In
contrast, our method dominates the high-speed regime, benefiting from a reference
generator that ensures consistent trajectory tracking and stable flight. Despite being
trained entirely in IsaacGym, our policy generalizes effectively via domain adapta-
tion—even when refined with stereo depth from different sources.

For the same policy, using different target data for domain adaptation leads to vary-
ing performance. The upward trend of the blue dashed line shows that employing
stereo depth maps from IsaacGym and AvoidBench for domain adaptation substan-
tially improves obstacle avoidance, with AvoidBench target data yielding the highest
success rate and speed. These results highlight the effectiveness of our domain adap-
tation method in aligning latent spaces across domains, enabling robust zero-shot
policy transfer across simulation and real-world environments.

4.5.5. ZERO-SHOT POLICY TRANSFER IN REAL-WORLD ENVIRONMENTS

Finally, we validate zero-shot transfer in real outdoor environments. The goal is to as-
sess whether the adapted encoder can compensate for the compound effects of stereo
noise, motion blur, and unmodeled environmental factors. We report qualitative tra-
jectories and quantitative success statistics over multiple runs.

To validate our depth transfer method in real-world scenarios, we deploy the trained
policy on a drone with a 150 mm wheelbase, equipped with an RealSense D435i for
depth and a RealSense T265 for state estimation. The low-level controller runs on a
Holybro Kakute H7 Mini with Betaflight, while the high-level policy runs on a Jetson
Orin NX.

The RealSense D435i runs at 30Hz, while the policy network outputs actions at
10Hz to match onboard processing limits. These actions are sent to a low-level Model
Predictive Control (MPC) operating at 100Hz [99]. With a maximum speed of 5.0m/s,

Realense D435i

| [| Holybro Kakute
b b H7 Mini_
Jetson Orin NX

(a) (b)

Figure 4.7: Real-world experiments conducted in both outdoor (a) and indoor (b) envi-
ronments demonstrate the effectiveness and generalization of our domain-
adapted depth transfer method.
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Table 4.4: Statistical results of real forest flight experiments.

Success Average speed Number of Average jerk

rate (%) (mls) collisions (m/s%)
w/ DA 70.0 2.15 3 0.0437
w/o DA 20.0 0.64 5 0.0385

the drone travels 0.5m in 100ms, which is sufficient for timely reactions. An adaptive
speed strategy [85] further improves robustness in complex environments.

Figure 4.7a illustrates the real-world flight trajectories of the drone using two differ-
ent encoders: one trained on IsaacGym ground truth depth images (bottom trajectory)
and another refined with domain adaptation (top trajectory). The results demonstrate
that domain adaptation enables direct transfer of the policy trained in IsaacGym to
real-world environments, allowing the drone to successfully avoid obstacles and reach
the target. In contrast, when using the unrefined encoder, the drone exhibited erratic
lateral movements in dense obstacle regions and collided twice, while also maintain-
ing a lower overall speed compared to the domain-adapted encoder.

Table 4.4 presents the quantitative results from the cluttered forest flight experi-
ments. With domain adaptation, both the success rate and average speed improved
significantly, while the number of collisions was reduced. Most failures during domain-
adapted flights occurred when the state estimator experienced substantial drift or
when the drone encountered extremely small branches.

We also test the same policy in a challenging indoor environment (Figure 4.7b) using
the encoder refined with outdoor stereo depth. The drone navigates narrow corridors
and avoids obstacles, demonstrating strong generalization of our method to diverse
real-world settings.

4.6. CONCLUSION

We presented a depth transfer approach that improves the sim-to-real robustness of
vision-based obstacle avoidance for MAVs. The method combines three complemen-
tary ideas: (i) learning a compact latent representation of depth via a VAE, (ii) im-
proving reconstruction fidelity around obstacles using min-pooling dilation, and (iii)
aligning source and target depth distributions with feature-level domain adaptation.
By decoupling perception adaptation from policy learning, we are able to keep the
RL policy fixed and adapt only the encoder using unlabelled target-domain depth.

Extensive experiments in IsaacGym and AvoidBench demonstrate that the proposed
encoder design and adaptation strategy lead to higher success rates under zero-shot
transfer compared with baselines that deploy a simulator-trained encoder directly.
Real-world flight results further confirm that representation-level depth alignment can
mitigate common stereo artifacts and preserve safe navigation behavior in cluttered
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outdoor scenes.

While the current study focuses on stereo depth, the overall framework is applicable
to other geometric representations (e.g., monocular depth estimation or event-based
depth proxies) and suggests a practical direction for deploying learning-based nav-
igation systems: train control in simulation where interaction is cheap, and update
perception using lightweight adaptation when the observation domain changes.
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APPENDIX 4.A REFERENCE GENERATOR

The drone model is described as a rigid body with mass m, and a set of propellers
that generate thrust. The motion of the drone is governed by the following rigid body
dynamics:

Py vy N

va|_ | zav2®[0 oy (4.9)
Uy 8w+ ~=Ryz(fat f2)

w0z J ' @a+ti- 0z x Joz)

where py, gy 2, vy, and wg represent the drone’s position, orientation (quaternion),
linear velocity, and angular velocity, respectively. The thrust and torque produced by
the propellers are denoted by (f,, T4), while (fy, T4) represent the aerodynamic drag.
gy is the gravitational acceleration in the world frame, while J is the drone’s inertia
matrix. The rotation matrix Ry ¢ transforms vectors from the body frame to the world
frame.

We use the acceleration a.,gq and yaw rate ¢ as the action space for the RL agent. A
reference generator maps these commands into smooth attitude and thrust references
to ensure feasible tracking. The desired roll (¢sp), pitch (Osp), and yaw (ysp) angles
are computed as:

1l a d _ —ay,cmd
Bsp = tan 1 (—ax'cm ), $sp = tan 1 e Y = ) 4.10)
,cmd .
Zem az,cmd + ax,cmd
Vsp =Y +PAL,

where dy cmd, @y,cmds dz,emd are body-frame accelerations, and At (0.01s) is the simu-
lation time step.

To generate a smooth angular velocity reference, we define the attitude error ey
based on the desired quaternion gy g sp, and update the reference angular velocity
using a second-order underdamped system with saturation constraints:

€9 = qyw B — qw B,sp>
. 2
wWax,sp = _ancw%,sp —wy€y,
‘bgé’,sp = Clip(dk@,spr —®Wmax, Wmax), (4.11)
W sp =Wz sp+ WP spAL,
WzBsp = Clip(w%,spr —Wmax, Wmax)-
Here, wy, is the natural frequency controlling convergence speed, and { is the damp-

ing ratio that balances responsiveness and overshoot. @max and wmax limit angular
acceleration and velocity to ensure physical feasibility and stability.

Similarly, the thrust is updated using a rate-limited approach:
Tsp -

. T . .
Tp = clip v~ Tmax Tmax |, Tep — T+ TepAt. (4.12)

sim
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where Ty is the RL action duration (0.1s in our case), and Tjay is the maximum
allowable thrust rate.

The reference linear acceleration, linear velocity, position, orientation, and angular
velocity are then updated through Equation 4.9. This ensures that the reference states
evolve smoothly, aligning with the drone’s rigid body dynamics while maintaining
stability and responsiveness.



HIERARCHICAL REINFORCEMENT
LEARNING WITH DIFFERENTIABLE
DYNAMICS

After Chapter 4 mitigates the key perception and dynamics gaps that hinder deploy-
ment, an important remaining question is how to further improve training efficiency
and modularity without sacrificing performance. This directly leads to Research Ques-
tion 4, which asks whether bio-inspired structure can accelerate learning and improve
reusability. Drawing on the insight that end-to-end visuomotor policies remain expen-
sive to train for long-horizon navigation, this chapter introduces a hierarchical percep-
tion—action architecture that separates high-level waypoint generation from low-level
dynamic control. Inspired by biological navigation and stabilization mechanisms, it
also adopts gimbal-stabilized perception to provide more consistent inputs during ag-
ile flight. Crucially, the low-level controller is trained via differentiable optimization
through a dynamics model, reducing reliance on trial-and-error reinforcement learning
and enabling faster convergence while retaining strong obstacle avoidance behavior.

73
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5.1. INTRODUCTION

Biological navigation rarely operates through direct, muscle-level actuation. Instead,
natural animals typically rely on hierarchical behavioral control, in which higher-level
decisions (e.g., target selection or obstacle avoidance) are translated into interme-
diate motion primitives and ultimately into reflexive motor patterns. Biohybrid and
cyborg navigation studies provide a particularly clear demonstration of this organi-
zation, because they can inject structured commands into the nervous system and
observe how the animal’s innate control loops transform them into coordinated lo-
comotion. For example, cyborg insects navigate and avoid obstacles using simple
sensory-level commands—such as left/right turning cues or forward activation—that
trigger innate reflexive steering responses [107]. Robo-pigeons exhibit graded mo-
tor responses, where brain microstimulation parametrically modulates turning angle,
turning curvature, and turning radius during outdoor flight [108]. Remote-controlled
rats respond to virtual left/right cues delivered through somatosensory stimulation
and sustain movement through reward-based forward drive, revealing another form
of hierarchical cue-motivation control [109]. Across these systems, navigation emerges
from multi-level directives—high-level cues, mid-level motion parameters, and low-
level motor patterns—rather than direct manipulation of muscle-level actuation.

In addition, birds maintain remarkably stable visual perception during rapid flight
by actively stabilizing their heads relative to the environment. Species such as pi-
geons exhibit distinct head-locking and head-bobbing behaviors that generate motion-
invariant visual frames through vestibular feedback and rapid neuromuscular com-
pensation [110, 111]. These biological gaze-stabilization mechanisms ensure that
downstream perceptual and navigational processes operate on clean, stable sensory
input. Inspired by these principles, modern drone systems increasingly adopt gimbal-
mounted cameras to mechanically decouple visual perception from airframe motion
[112, 113].

In contrast to end-to-end visual navigation approaches that map raw images di-
rectly to low-level motor commands or collective thrust and bodyrates commands
(CTBR), our framework adopts a hierarchical perception—action architecture aligned
with biological systems. A gimbal-stabilized camera first provides reliable visual input;
a high-level network generates waypoint-based behavioral intentions; and a low-level
controller converts these intentions into dynamically consistent CTBR commands.
This hierarchical design mirrors the multi-level organization observed in birds and
other animals, enabling more interpretable, robust, and biologically grounded drone
navigation.

As illustrated in Figure 5.1, depth images from a gimbal-stabilized camera are em-
bedded using a convolutional neural network (CNN) pretrained via Variational Au-
toencoder (VAE). The embedded latent features are concatenated with the drone’s
state information (position, velocity, orientation, angular velocity) and target point
coordinates, forming the input to a high-level policy network. This network outputs
waypoint commands that specify desired future positions. The front-end high-level
policy is trained using Proximal Policy Optimization (PPO) within a simulated environ-
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ment featuring randomized obstacle layouts to promote generalization. Compared to
end-to-end training from depth latend space and drone’s states to CTBR commands,
this hierarchical approach simplifies the learning problem, enhances interpretability,
and improves sample efficiency. The waypoint commands serve as intermediate goals
that guide the low-level controller, which translates them into dynamically feasible
CTBR commands while respecting the drone’s physical constraints. Besides, instead
of using PPO, the low-level controller is trained via differentiable optimization which
means the dynamics model is differentiable and can be unrolled through time. This
allows for gradient-based optimization of the low-level controller, leading to more
precise and efficient control policies.

High-level Low-level
Policy Waypoint Policy CTBR

A 1w,

r‘ "» ° ® : :,
@ij =P forward

Differentiable <= backward
States

Encoder
-

States & Target

Figure 5.1: Hierarchical perception-action architecture for drone navigation.

Our main contributions are summarized as follows:

* Inspired by biological hierarchical control systems, we propose a novel hierar-
chical perception—-action architecture for drone navigation that separates high-
level waypoint generation from low-level dynamic control. Ablation studies
demonstrate that this hierarchical design significantly outperforms end-to-end
approaches in terms of navigation success rate and sample efficiency.

* We introduce a differentiable dynamics model for the low-level controller, en-
abling gradient-based optimization of control policies. This approach leads to
more accurate and dynamically consistent CTBR commands, improving flight
stability and responsiveness.

* Inspired by avian gaze stabilization mechanisms, we employ a gimbal-stabilized
camera to provide stable visual input for navigation. Ablation experiments show
that this setup enhances perception quality and navigation performance com-
pared to fixed-camera configurations.

5.2. RELATED WORK

5.2.1. RL-BASED OBSTACLE AVOIDANCE AND NAVIGATION

End-to-end training from raw high-dimensional sensory input to low-level control
commands is quite challenging. Most works choose to transform the raw sensory input
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into a low-dimensional state space as the input for RL. By converting onboard images
into the pose of gates and combining with the drone’s state, [34] achieves vision-based
autonomous drone racing. Equipped with an RL policy that outputs CTBR commands
trained end-to-end, the Al drone outperforms champion-level human pilots for the
first time. SkyDreamer [83] achieves end-to-end vision-to-control drone racing by
feeding a gate-segmentation mask (with IMU gyros and motor RPM) into a Dreamer-
style world-model RL policy that outputs direct motor PWM commands, eliminating
explicit state estimation and cascaded control at deployment. However, for more com-
plex navigation tasks such as obstacle avoidance in forest environments, end-to-end
training from simplified visual information to low-level control commands such as
CTBR or motor PWM remains quite difficult and sample-inefficient.

[32] attributes the inefficieny of end-to-end vision RL mainly to hard exploration un-
der high-dimensional observations, and improves sample efficiency by bootstrapping:
train a privileged-state RL teacher, distill it to a vision-based student, then fine-tune
with RL using an asymmetric actor-critic setup. To improve sample efficiency, some
works choose to use a higher-level action space, such as velocity [84] or acceleration
[85, 86]. In our previous work [85], VAE and LSTM are used to encode a sequence
of depth images into a low-dimensional latent space, which is then combined with
the drone’s state as the input to a PPO policy that outputs acceleration commands.
A MPC controller is followed to convert the acceleration commands into CTBR com-
mands. Malczyk et al. [84] leverage semantics-augmented perception (masked depth
plus egocentric maps) to learn an inspection navigation policy that outputs high-level
motion setpoints—desired linear velocity and yaw rate—which are then tracked by a
separate low-level controller rather than directly commanding actuators.

5.2.2. DIFFERENTIABLE SIMULATION FOR DRONE NAVIGATION

Differentiable simulation has been increasingly adopted for robot learning and con-
trol due to its ability to provide gradient information through complex dynamics,
enabling more efficient optimization of control policies [75, 88, 90]. Wiedemann et
al. [88] exploit differentiable simulation to train trajectory-tracking controllers offline
with Analytic Policy Gradients (APG), i.e., backpropagating tracking-error gradients
through a differentiable dynamics model to directly optimize the policy (instead of
sampling-based RL or online MPC). Building on offline controller optimization via
analytic gradients in differentiable simulators, Pan et al. [75] extends this idea to real-
world online adaptation: it continuously learns a residual dynamics model from flight
data to refine a hybrid differentiable simulator, and then backpropagates through it
to update the policy within seconds under unseen disturbances. Differentiable sim-
ulation is highly effective for training drone control policies because the underlying
dynamics are inherently differentiable, enabling direct gradient-based optimization.
However, applying it to vision-based avoidance is more challenging since percep-
tion and collision/event interactions are often non-differentiable, making end-to-end
backpropagation difficult.

To address this, [90] enables gradient-based training for vision-based obstacle avoid-
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ance by using a fully differentiable physics + depth-rendering simulator and replacing
discrete collisions with a smooth distance-based barrier cost (computed from ana-
lytic distances to simple geometric obstacles and the closest-distance operator), so
policy gradients can be backpropagated through time. DiffAero [77] is a GPU-native
differentiable quadrotor simulator (physics + depth/LiDAR rendering in PyTorch) that
enables large-scale training and benchmarking of gradient-based and hybrid policy
learning, with an ONNX—ROS/PX4 deployment pipeline. Same as [90], its sens-
ing/geometry queries rely on primitive obstacles (e.g., spheres/cuboids) and analytic
ray-primitive intersections to compute closest-range/shortest-distance measurements
efficiently. These works enable efficient differentiable avoidance by representing ob-
stacles as simple primitives and using analytic closest-distance (or ray—primitive) com-
putations to define smooth barrier costs. However, such primitive-only geometry
struggles to model complex irregular obstacles, leading to a sim-to-real gap that is
difficult to eliminate.

Compared with prior differentiable-avoidance methods that rely on primitive obsta-
cle geometries, GRaD-Nav [79, 80] computes the nearest-obstacle distance from a 3D
Gaussian Splatting (3DGS) reconstruction (via a 3DGS-derived point cloud within the
camera FOV), which can better capture real scene geometry and thus helps reduce the
sim-to-real gap while retaining a distance-based, gradient-friendly avoidance signal.
However, it relies on pre-building a 3DGS map, which typically requires substantial
offline data collection and compute.

Our work builds on these differentiable-avoidance foundations but introduces a
hierarchical architecture that separates high-level waypoint generation from low-level
dynamic control. For the high-level policy, we use PPO to handle the non-differentiable
perception and obstacle interactions. For the low-level controller, we leverage differen-
tiable dynamics to enable gradient-based optimization of CTBR commands, improving
flight stability and responsiveness. This hierarchical design combines the strengths of
both RL and differentiable optimization, leading to more effective and robust drone
navigation. Futhermore, when migrating to different high-level tasks, such as tracking
and exploration, only the high-level policy needs to be retrained while the low-level
controller can be reused directly, greatly improving the reusability of the learned con-
troller.

5.3. METHODOLOGY

In this section, we detail our hierarchical perception-action architecture for drone
navigation, comprising a high-level waypoint policy trained via PPO and a low-level
controller optimized through differentiable dynamics. The simulator for training and
evaluation is built on IsaacLab, which provides accurate quadrotor dynamics and re-
alistic rendering.
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5.3.1. PROBLEM FORMULATION

We formulate vision-based obstacle avoidance as a Markov decision process (MDP)
(¥,,Br,7). At time step f, the system is in state x; € &, executes an action a; € «,
transitions according to

Xee1 ~ P xp, ay), (5.1)

and receives reward r; = r(x;, a;) with discount factor y € (0,1). The objective is to
learn a stochastic policy 7y (a; | x;) that maximizes the expected discounted return

o0
J) =Er, |3 yfrt] : (5.2)
=0
The state is defined as
xl’:(ptrqt’vtrw[)gt)lt)) (53)

where p; is the drone position, g; is the attitude, v; is the linear velocity, w; is the
angular velocity, g; specifies the goal, and I; is the onboard depth image. The action
corresponds to a CTBR command for quadrotor control,

cmd cmd cmd , cmd , cmd
ar=u;=(c,0™)e%, " =(071" 07" 0T}, (5.4)

where ¢, is collective thrust and w$™¢ is the commanded body-rate vector.

Although the task can be described by a single Markov policy my (u; | x;), we im-
plement it as the composition of two neural modules evaluated at the same control
frequency: a waypoint generator and a low-level CTBR controller. Let z; denote the
latent representation extracted from the depth image I;. The waypoint generator takes
as input

0, = (21,080, g1, v1), D& =T (p1, &), (5.5)

where J (-) expresses the goal in the world frame. It outputs an instantaneous way-
point command

w=m,"(0,"), wieW. (5.6)
We parameterize w; as
Wy = (Awt’ Aht; Ul;ef)y (57)

where Ay, is a heading offset, Ah; is a vertical offset, and vief is a desired forward

speed. This waypoint provides a compact, interpretable navigation command that is
updated at every time step based on the current perception features and goal infor-
mation.

The low-level controller conditions on the tracking state
Xt = (Pt, q: vt;wt) (5.8)
and the generated waypoint command w;, and outputs the CTBR command

=g (%, wy). (5.9)
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Composing both modules yields the overall Markov policy
U =y (X)) = n$l(2t, n;’*’(o?’*’)), v=0,9), (5.10)

which maps the current state to a CTBR command and therefore defines a standard
MDP.

5.3.2. LATENT SPACE REPRESENTATION OF DEPTH IMAGES

To extract compact and informative features from high-dimensional depth images,
we still employ the same latent space representation method introduced in Chapter
4. Following MAVRL, we adopt a memory-augmented latent depth representation to
compress high-dimensional perception while retaining short-term obstacle memory.
A CNN-based VAE encodes each depth observation into a compact latent z/¢ (64-
D), and a single-layer LSTM aggregates these latents into a higher-capacity state z;
(256-D). During representation learning, z, is decoded (sharing the VAE decoder) to
reconstruct the current and past depth maps using an MSE-based auxiliary loss, ex-
plicitly encouraging the latent to store recent observations beyond the current field
of view.

This latent representation is beneficial because it compresses high-dimensional depth
observations into a compact state that is easier to learn from, while the LSTM and
auxiliary reconstruction losses encourage the latent to retain short-term geometric
memory (e.g., recently seen obstacles outside the current FOV), improving sample
efficiency and robustness compared with direct pixel-based policies.

5.3.3. HIGH-LEVEL WAYPOINT GENERATION POLICY VIA PPO

PPO is a widely used policy-gradient method for training RL policies. It maximizes a
clipped surrogate objective that constrains the policy update and avoids overly large
parameter changes. The clipped objective is

L°MP (@) = E, [min (r,(0) Ay, clip(r:(0),1—¢,1+€) 4;)], (5.11)

7o (arlst)
g q (Arlst)
is an advantage estimate, and € controls the clipping range. In our framework, PPO

. . . . . : wp
is used to train the high-level waypoint generation policy 7,".

where r;(0) = is the probability ratio between the new and old policies, A,

The input to nw(;vp is the concatenation of the depth latent z;, the relative goal infor-
mation Ag;, the attitude q;, and the linear velocity v;. The relative goal information
encodes both the vertical displacement to the target and the direction toward it:

4
AR

d;

5 8t — Pt

erR*, AW8=g,,-p,, d;= ) (5.12)
¢ = 8ut ™ Par " g pila

Agti

Here, Ah‘f is the height difference between the goal and the drone, and dt is the 3D
unit vector pointing from the drone toward the goal.
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The output of the waypoint policy is the waypoint command w;. As illustrated in
Figure 5.2, we parameterize
w, = (Ayy, Ahy, U°°F), (5.13)

where Ay ; is a heading offset, Ah; is a vertical offset, and vgef is a reference forward

speed.

* Goal

A Waypoint

Obstacle

Figure 5.2: Illustration of waypoint generation.

The reward encourages goal reaching while penalizing unsafe behaviors:

Texceed»  if (Pt < Pmin OF Pr> Pmax), PEIX, ¥ 2},
Tarrive, if lld;|l < dmin,

r= e (5.14)
Teollision,  if collision occurs,

I'progs otherwise,
where d; = g; — p;: is the goal displacement vector and dn;, is the arrival threshold.

The terms rexceed and T'eolision PeNalize boundary violations and collisions, respectively,
while r4rrive provides a terminal reward upon reaching the goal.

The progress reward is defined as

cos(yy+Ayy) T

_hl g hl
rprog—ﬂz |Aht|+/1dir(1_ sin(1//t+A‘Vf)

dt,hz) — Abbyref, (5.15)

where tit,l;g denotes the first two components of d;, ¥, is the current yaw angle,
and /1}2‘1, )Lg}r, and /1,}}1 weight the height-alignment, direction-alignment, and speed-
regularization terms, respectively. In our implementation these coefficients are neg-
ative, such that larger misalignment incurs a stronger penalty and higher forward
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speed is encouraged. This shaping directly constrains the waypoint output to align
the drone heading and altitude with the goal direction, which empirically stabilizes
training and accelerates convergence. The waypoint generation policy is encouraged
to fly fast, but the terminal penalties for collisions and boundary violations lead it to
reduce the reference speed in cluttered environments to maintain safety.

5.3.4. LOW-LEVEL CONTROL POLICY VIA DIFFERENTIABLE DYNAMICS
QUADROTOR DYNAMICS MODEL

The low-level controller ﬂ$l maps the current tracking state X; and the waypoint
command w; to a CTBR command u,. Unlike the high-level waypoint policy trained
via PPO, we optimize the low-level controller using differentiable dynamics, enabling
gradient-based optimization of control policies. Since IsaacLab does not support dif-
ferentiable simulation, we implement a separate differentiable dynamics module in
PyTorch for low-level controller training. This model can fit the dynamics of the Isaa-
cLab [18] quadrotor simulator with high accuracy, which allows us to directly use
depth images rendered based on IsaacLab.

We employ a rigid-body quadrotor model with a rate inner-loop that maps the
CTBR command u; = (ct,wﬁmd) to forces and torques. Using the previously defined
state variables s; = (ps, q;, V;, w;), the continuous-time dynamics are

f’t =Us

i/t: E(Ft"'Fdrag,t)"'g,
. _ (5.16)
op =1 (T~ wp, x (o)),

. 0
qtzzqt® wp .

where R(q;) € SO(3) is the rotation matrix corresponding to q;, wp, = R(q;) Tw; is
the body-frame angular velocity, I is the body-frame inertia matrix, and ® denotes
quaternion multiplication. The thrust command is converted to physical thrust by
T: = ¢; Tmax and applied along the body z axis, yielding the world-frame thrust force

0
F;=R(gq) | 0]. (5.17)
Ty
We include quadratic aerodynamic drag
Farag: = —3pCaAv, vl (5.18)

To model the body-rate inner-loop, the commanded rate w?md is tracked by a PD

controller that generates a body torque

T = Kp(w‘;md —wp)—Kawpr, T —clip(Ts, —Tmax Tmax)» (5.19)




82 5. HIERARCHICAL REINFORCEMENT LEARNING WITH DIFFERENTIABLE DYNAMICS

where K, and K, are diagonal gain matrices and Tmay denotes per-axis torque limits.

We discretize the model with a semi-implicit Euler integrator: linear velocity and
body rates are updated first using ¥; and wy;, then position is updated using the
new velocity, and the quaternion is integrated and renormalized to unit length. The
simulator is implemented in PyTorch and supports batched execution across parallel
environments, enabling differentiable optimization through the dynamics.

DIFFERENTIABLE OPTIMIZATION
The discretized quadrotor dynamics in (5.16) define a differentiable transition

Ser1 = f(se,uy), uy =g (ss), (5.20)
which enables gradient propagation through the unrolled simulator. For a horizon
objective £ = Z{{: 61 0(s:+1,us), the analytic policy gradient can be obtained by back-

propagation through time:

0L H= a[t 6st+1 6& Gut

- l;=0 yUg). 5.21
30 E 9sis1 00 Bu, 00 £ = ElSeer, ) (6:21)
The state sensitivity satisfies the recursion
0841 ast ou . 0841 . 08141
= B A = y B = . 522
30 890 Tl o aa T YT A 7 (5.22)

To improve stability for long-horizon rollouts, we adopt a one-step truncated sensi-
tivity by stopping gradient propagation through s; beyond one transition. This yields
the approximation
0141 Ouyq ou,

=~A;B +B;—, 5.23
30 B = By (5.23)
This truncation preserves the local dependence of s;+; on both s; and u; via A; and
B;, while avoiding long products of Jacobians across time, thereby mitigating gradient
explosion and enabling stable gradient-based optimization of the low-level control
policy in differentiable simulation.

The loss function for low-level controller training encourages waypoint tracking and
penalizes aggressive maneuvers. The per-step loss is defined as

é(stﬂ,ut):/l“ (U/Hl_W‘:Tl)z"‘)llflz(htﬂ_hzﬂ) /111( xt+1_V;e+f1)
2

(gtb+1)xy 2 (5.24)

1 il
+A’dlr( vxy t+1 e(u/t+l)) +Aﬂat

1
+ Al 5+ Ay, Nl — w113,

where ;41 is the yaw angle, h;.; is the altitude, and vf? (+1 is the forward velocity

ref

in the body frame at time +1, while w7, k¥, and v

are the waypoint-provided
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heading, height, and speed references. The heading-alignment term uses the normal-
ized horizontal velocity direction in the world frame,

wp R(qi ) v2,)

wp , _ [cos(y, ) W ( t+1)xy

ey, )= sin(y P | Dy o1 = H(R( - , (5.25)
qr+1 vt+1)xy 2

To encourage near-level flight, we penalize the horizontal components of gravity ex-
pressed in the body frame,

(81) 5, = (R(@r1)T8"Y),, (5.26)

All coefficients A are set to negative values, such that larger tracking errors and larger
control effort yield higher penalties in #(-). Finally, IIutllg penalizes control effort and
|, — ut_lllg penalizes rapid changes in the control command.

5.4. EXPERIMENTS

To evaluate the effectiveness of our hierarchical perception-action architecture with
differentiable dynamics, and to quantify the benefits of gimbal-stabilized perception,
we conduct extensive experiments in simulation. We compare our method against
end-to-end baselines and perform ablation studies to isolate the contribution of each
component.

Using IsaacLab [18], we construct a suite of obstacle-avoidance tasks with envi-
ronments of varying complexity. Obstacles include panels and procedurally gener-
ated fake trees with randomized trunks and branches (Figure 5.3), whose irregular
geometries are difficult to approximate with simple primitives. Obstacle locations
are randomized according to a Poisson process to generate diverse layouts. In each
episode, the drone starts from a random initial position and must reach a specified
goal while avoiding collisions. All experiments are run on a workstation with an Intel
Core i7-13700K CPU and an NVIDIA RTX 4090 GPU. To accelerate training, we collect
experience using 128 parallel simulation environments.

5.4.1. HIERARCHICAL PERCEPTION—ACTION ARCHITECTURE

We compare our hierarchical perception-action architecture against an end-to-end
baseline trained with PPO that directly maps depth latents and drone states to CTBR
commands. The baseline uses the same depth-latent representation as our method
to ensure a fair comparison. Both methods are trained under identical conditions,
including the same number of training steps and the same environment settings.
Because our hierarchical architecture explicitly decomposes the task into high-level
waypoint generation and low-level control, it is not straightforward to design reward
functions that are strictly identical across the two approaches. Instead, we design the
reward for the end-to-end baseline to encourage behavior similar to the hierarchical
policy, while still enabling stable learning of goal reaching and collision avoidance.
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For evaluation, we generate 10 test maps with higher obstacle density than the
training environment to reduce the likelihood of overfitting. For each map, we sam-
ple 10 start—-goal pairs, resulting in 100 trials in total to compute the success rate. One
example test map and its 10 trajectories are shown in Figure 5.3. Figure 5.4 reports
results from checkpoints saved at different training steps. The blue (with gimbal) and
purple (without gimbal) curves correspond to our hierarchical architecture, while the
orange (with gimbal) and green (without gimbal) curves correspond to the end-to-end
baseline. The hierarchical approach converges substantially faster and achieves higher
final performance in both success rate and AGV. Specifically, our method reaches a
success rate of 78% (with gimbal) and 72% (without gimbal), compared to approx-
imately 40% (with gimbal) and 28% (without gimbal) for the end-to-end baseline.
Likewise, it achieves an AGV of about 4.0 m/s (with gimbal) and 3.6 m/s (without
gimbal), versus roughly 2.6 m/s (with gimbal) and 1.6 m/s (without gimbal) for the
baseline. This gap highlights the benefit of decomposing navigation into waypoint
planning and low-level control: the decomposition simplifies the learning problem
and allows each module to specialize. Moreover, the hierarchical method requires
only about one quarter of the training time to reach a comparable success rate to the
end-to-end baseline, indicating improved sample efficiency. Furthermore, the hier-
archical method requires only one-third of the training time to achieve performance
comparable to the end-to-end baseline in terms of both success rate and AGV.

5.4.2. GIMBAL-STABILIZED PERCEPTION

We further investigate the impact of gimbal-stabilized perception on navigation per-
formance. As shown in Figure 5.4, for both the hierarchical and end-to-end methods,
the gimbal-stabilized camera (blue and orange curves) consistently outperforms the
fixed-camera configuration (purple and green curves). Although the gap is smaller
than that between hierarchical and end-to-end architectures, both success rate and
AGV improve with stabilization. This improvement is attributable to the more stable
and consistent visual input provided by the gimbal.

To better understand how stabilization affects the learned behavior, we analyze the
distributions of the drone’s roll and pitch angles during testing. Figure 5.5a shows the
probability density of roll and pitch angles for both configurations. Angle samples
are collected during steady flight, excluding time intervals near the start and goal to
avoid the influence of takeoff and landing maneuvers. The horizontal axis denotes
angle (degrees), and the vertical axis denotes probability density. For roll, the gimbal-
stabilized configuration (blue) exhibits a broader distribution than the fixed-camera
configuration (orange), while both remain centered near 0°. This indicates that, with
stabilization, the drone can execute more aggressive roll maneuvers without degrading
the effective camera viewpoint. In contrast, the fixed-camera configuration tends to
constrain roll angles to avoid excessive image tilt that can compromise perception. For
pitch, the difference is less pronounced: both configurations show similarly narrow,
near-zero-centered distributions. This suggests that pitch is less affected by camera
stabilization, likely because forward flight intrinsically requires pitch adjustments re-
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Figure 5.3: Illustration of one test map with 10 trajectories from different start-goal
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Figure 5.4: Training curves on the test suite (success rate and AGV) for the hierarchical
method and the end-to-end baseline, with and without gimbal-stabilized
perception.
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gardless of obstacle avoidance. Overall, these results indicate that gimbal-stabilized
perception enables more dynamic maneuvering, especially in roll which contributes
to the observed performance gains.

The boxplots in Figure 5.5b further summarize these statistical differences. The
gimbal-stabilized setup shows a larger interquartile range for roll, indicating higher
variability and more aggressive maneuvers, while maintaining a median close to 0°.
The longer whiskers also suggest occasional larger roll angles that remain feasible
due to the stabilized view. For pitch, both configurations exhibit smaller interquartile
ranges and similar medians, reinforcing that pitch behavior is comparatively insensi-
tive to stabilization. These statistics are consistent with the probability density results
and support the conclusion that gimbal stabilization primarily improves roll maneu-
verability, which likely contributes to higher success rates and faster flight (higher
AGV).

5.5. CONCLUSION

This chapter addressed Research Question 4 by showing that bio-inspired hierarchy
and stabilization can improve both training efficiency and modularity for vision-based
drone navigation. We proposed a hierarchical perception—action architecture that uses
gimbal-stabilized depth input, trains a high-level waypoint policy with PPO, and op-
timizes a low-level CTBR controller via differentiable quadrotor dynamics. Experi-
ments in IsaacLab demonstrate that this decomposition substantially accelerates con-
vergence and improves final success rate and AGV compared with an end-to-end PPO
baseline, indicating that waypoint-level commands simplify exploration and credit
assignment while allowing the low-level controller to specialize in dynamically con-
sistent tracking. Ablations further show that gimbal stabilization consistently improves
performance and enables more aggressive yet controllable roll maneuvers by provid-
ing more stable visual input. Overall, combining hierarchical decision making with
differentiable low-level optimization yields a more sample-efficient, interpretable, and
reusable navigation framework than end-to-end visuomotor learning.
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CONCLUSIONS AND FUTURE WORK

Chapters 2-5 established a coherent pipeline for learning-based drone navigation in
clutter: a standardized benchmark for evaluating safety and agility, a varying-speed RL
policy that adapts to environment complexity, a depth-transfer strategy that enables
reliable sim-to-real deployment, and a hierarchical architecture that improves training
efficiency via differentiable optimization. With these components in place, Chapter 6
returns to the research objective defined in Chapter 1 and consolidates the main find-
ings of the dissertation by explicitly answering the four research questions, distilling
the key empirical lessons from both simulation and real-world experiments, and clar-
ifying the remaining limitations. It then outlines several promising directions for fu-
ture work—most notably robust GPS-denied localization in challenging outdoor flight,
reduced-sensor navigation using minimal cues (e.g., IMU and optical flow), and ex-
tending the hierarchical perception-action design to broader tasks such as exploration,
tracking, and, ultimately, manipulation-enabled autonomy.
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6.1. ANSWERS TO THE RESEARCH QUESTIONS

Research Question 1

How can we systematically evaluate vision-based obstacle avoidance algo-
rithms for autonomous drones?

In Chapter 2, we proposed a benchmarking suite named AvoidBench for vision-
based obstacle avoidance algorithms for autonomous drones. The suite comprises
a set of simulation environments with varying levels of complexity, a collection of
evaluation metrics, and a standardized testing protocol. Environment metrics such
as Ttraversability are used to quantify environmental complexity. Safety is assessed
using metrics such as success rate and relative end distance, while agility is evaluated
using metrics such as average goal velocity and path excess factor, which characterize
the motion of the drone under the guidance of the obstacle avoidance algorithm. Sev-
eral state-of-the-art obstacle avoidance algorithms were evaluated using the proposed
benchmarking suite, and the results provided insight into their respective strengths
and weaknesses.

Research Question 2

How can we train an obstacle avoidance policy that adaptively adjusts its flight
speed to the complexity of the environment?

In Chapter 3, we proposed a novel reinforcement learning based obstacle avoid-
ance algorithm MAVRL. During training, we apply domain randomization to the en-
vironment complexity, which enables the learned policy to adapt its flight speed to
the perceived difficulty of the surroundings, slowing down in cluttered regions and
speeding up in simpler ones. A memory-augmented latent representation that en-
codes a history of observations allows the policy to better capture the structure of
the environment and make more informed decisions. Ablation studies show that us-
ing an RNN to reconstruct both past and current depth frames yields a latent space
representation that leads to substantially better policies than variants that reconstruct
only the current depth or predict only future depth.

Benchmarking results, represented by Pareto frontiers, show that the proposed al-
gorithm outperforms baseline methods in terms of the trade-off between safety and
agility across different levels of environmental complexity. Indoor real-world experi-
ments further validate the effectiveness and robustness of our approach in practical
deployment scenarios.

Research Question 3

How can we effectively bridge the sim-to-real gap for vision-based obstacle
avoidance on autonomous drones?

In Chapter 4, we proposed depth transfer, a novel sim-to-real transfer learning
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approach for vision-based obstacle avoidance on autonomous drones. To address
dynamics and control gaps, we employ a reference generator that produces high-level
reference commands which can be reliably tracked by both simulated and real drones,
thereby reducing the impact of dynamics mismatch. To tackle visual gaps, we use
domain adaptation techniques to align the feature distributions between simulated
and real-world depth images. This feature-level alignment makes the latent space
induced by real-world depth maps more closely resemble that of simulated inputs,
and thus improves the performance of policies trained in simulation when they are
deployed on real platforms.

Extensive ablation studies show that depth transfer enables policies trained in Isaac
Gym to achieve a significant performance boost when transferred to other simulators
such as AvoidBench. Moreover, dense forest flight tests on real drones further validate
the effectiveness of our approach in challenging real-world deployment scenarios.

Research Question 4

How can animal-inspired hierarchical perception-action architecture be used
to train drone obstacle avoidance more efficiently?

In Chapter 5, we proposed a novel hierarchical perception—action architecture and
a gimbal-based stabilized visual input system for vision-based obstacle avoidance on
autonomous drones, inspired by how animals process visual information. The hi-
erarchical architecture consists of a high-level waypoint generator, which uses target
information and depth maps to propose short-horizon waypoints, and a low-level way-
point tracking policy, which follows these waypoints and outputs CTBR commands.
To further improve training efficiency, we train the low-level policy using differentiable
optimization rather than reinforcement learning.

Ablation studies show that the gimbal-based stabilized visual input system signifi-
cantly improves obstacle avoidance performance by providing more stable and con-
sistent visual inputs, especially during aggressive maneuvers. In addition, the hier-
archical perception-action architecture greatly enhances training efficiency, achieving
performance comparable to end-to-end reinforcement learning methods while requir-
ing substantially less training time.

6.2. CONCLUSIONS
Research Objective

To develop efficient learning-based algorithms for safe and agile onboard navi-

gation in cluttered environments, and to optimize the trade-off between safety
and agility.

Now let us return to the research objective formulated in Chapter 1 and ask to
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what extent this dissertation has achieved that goal. I would like to begin with the
two words safety and agility, which appear throughout this thesis. Our solution is
built on a simple and intuitive idea: a drone should fly faster in simple environments
and slower in complex ones. This principle balances safety with efficient use of the
drone’s power and dynamic capabilities. The MAVRL approach presented in Chapter 3
demonstrates that reinforcement learning can effectively learn a policy that adapts its
speed to environmental complexity. Notably, our results outperform state-of-the-art
model-based (Ego-Planner [15]) and learning-based (Agile-Autonomy [30]) algorithms
on the Pareto frontiers of success rate versus average goal velocity. To support a fair
and systematic comparison, Chapter 2 introduces AvoidBench, a benchmarking suite
for vision-based obstacle avoidance algorithms. The proposed metrics quantify envi-
ronmental complexity, safety, agility, and computational efficiency, providing a unified
framework for evaluating different methods.

To enable onboard navigation, we applied the algorithms developed in simulation
to real-world settings. The MAVRL algorithm can be directly deployed for drone obsta-
cle avoidance in laboratory environments for several reasons. First, training on depth
reduces part of the sim-to-real gap because depth primarily reflects scene geometry
and is far less sensitive than RGB to texture, illumination, and appearance changes,
which dominate the distribution shift. Second, laboratory scenes are relatively sim-
ple, with obstacles that are mostly regular geometric shapes, so a policy trained in
simulation can be transferred by retraining only the VAE. In contrast, outdoor environ-
ments such as dense forests exhibit far more complex obstacle geometries. Notably,
such forests include thin and irregularly shaped small branches that are not well en-
coded by standard VAEs. Moreover, rendering stereo images and then running stereo
matching algorithm introduces considerable computational and latency costs. For this
reason, it is preferable to train with ground-truth depth in simulation, although this
choice would normally enlarge the sim-to-real gap.

The depth transfer approach proposed in Chapter 4 effectively addresses this prob-
lem. By performing feature-level domain adaptation, it allows policies trained in Isaac
Gym with ground-truth depth to be deployed directly in AvoidBench and in real forest
environments. Compared with fine-tuning the entire policy, fine-tuning only the en-
coder module is both more efficient and safer. Benchmark results further show that
depth transfer improves the success rate of MAVRL during high-speed flight.

Using ground-truth depth rendered directly from simulation does improve the ef-
ficiency of training. This naturally leads to the question of whether the training effi-
ciency of obstacle avoidance policies can be improved even further. The hierarchical
perception—action architecture proposed in Chapter 5 provides an affirmative answer.
By decomposing the obstacle avoidance task into high-level waypoint generation and
low-level waypoint tracking, and by employing differentiable optimization to train the
low-level policy, we significantly reduce training time while maintaining performance
that is comparable to end-to-end reinforcement learning methods.

Overall, this dissertation has made substantial progress toward the research ob-
jective of developing efficient learning-based algorithms for safe and agile onboard
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navigation in cluttered environments. The proposed methods not only improve the
balance between safety and agility but also enhance training efficiency and facilitate
sim-to-real transfer. Together, these contributions provide a solid foundation for fu-
ture research on autonomous drone navigation in complex real-world settings.

6.3. FUTURE WORK

Our extensive outdoor experiments indicate that robust autonomous flight in GPS-free
forests remains challenging, even after the improvements introduced in this thesis. In
practice, the limiting factor is not only policy learning, but also the reliability of the
state estimate used to close the control loop. Although our commercial visual inertial
odometry system (RealSense T265) is reasonably robust, it still suffers from substantial
drift and occasional tracking failures during high-speed flight. These failures are partly
stochastic because they depend strongly on illumination and scene texture, leading
to run-to-run variability that is difficult to anticipate. As a consequence, obstacle-
avoidance performance in real forests remains unsatisfactory: despite domain ran-
domization, reliable success still requires the odometry to remain reasonably accurate,
since state-estimation drift directly corrupts the control loop and can overwhelm the
learned avoidance behavior.

This observation raises a broader question about biological flight. When human
pilots fly through forests, they do not rely on an explicit, globally consistent odom-
etry estimate in the way our current autonomy stack implicitly does. This suggests
two complementary directions for improving real-world performance. First, more ro-
bust state estimation will certainly help, including VIO designs that better handle
rapid motion, motion blur, and lighting changes. However, improved VIO alone is
unlikely to fully resolve the issue, because any vision-based estimator can still de-
grade in challenging conditions. Second, the navigation policy itself should be made
less dependent on accurate global odometry. A promising direction is to investigate
whether policies that receive only IMU signals and optical flow can still achieve re-
liable obstacle avoidance and progress through forests. While such minimal sensing
makes learning harder due to reduced observability, combining it with the hierar-
chical perception—-action architecture proposed in Chapter 5 may make the problem
tractable by delegating short-horizon reactive control to a robust low-level module
and reserving longer-horizon decisions for a higher-level policy.

If the odometry camera can be eliminated, replacing the stereo depth camera with
a monocular camera would be highly desirable, as it would significantly improve the
drone’s overall payload and energy efficiency and thus its endurance. Recent founda-
tion models for monocular depth estimation [114, 115] can already run in real time
on NVIDIA Jetson Orin NX, and the improved onboard CPU and GPU capabilities
open up new possibilities for more capable perception and navigation on resource-
constrained drones.

The hierarchical perception—action architecture proposed in Chapter 5 could be fur-
ther exploited beyond its current role in improving training efficiency. A natural next
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step is to apply this architecture to other navigation tasks such as exploration and
tracking, where the low-level policy would be reused without retraining and only the
high-level policy would be adapted. For example, the high-level module could be
trained to propose the next unexplored location in exploration, or to generate way-
points that follow a moving target in tracking. Since the underlying control required
by these tasks is closely related, sharing a common low-level controller is both natural
and potentially very efficient. Moreover, the same architecture opens up interesting
directions for online learning. In particular, online fine-tuning of the high-level way-
point generator, while keeping the low-level controller fixed, should be considerably
simpler than adapting a fully end-to-end network, and is therefore a promising avenue
for future research.

Looking further ahead, I believe autonomous navigation for drones is likely to evolve
along two main directions. The first is toward lighter and safer autonomous platforms,
making drones easier to integrate into everyday life and more capable of serving hu-
man needs. Considerable work is already being done in this area, spanning algo-
rithms that couple event-based sensing with low-latency neuromorphic control for
agile flight [116, 117], hardware that provides energy-efficient neuromorphic proces-
sors that allow spike-based computation and learning on board [118], and airframe
design that targets insect-scale, lightweight flapping-wing platforms with favorable lift
generation and maneuverability under strict payload constraints [119, 120]. The sec-
ond direction concerns improving the operability of drones. At present, most drone
algorithms primarily target navigation, which means that the range of feasible tasks is
largely constrained by onboard sensing, such as aerial photography [121], exploration
and mapping [122], or gas-leak detection [123]. Endowing drones with manipulation
capabilities analogous to grasping [124, 125] and combining this with recent advances
in reinforcement learning and sim-to-real transfer could substantially expand the set
of tasks they can perform and make autonomous drones far more useful in real-world
applications.
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