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1. Introduction
Quadrotors, with their agility, maneuverability, and adapt-
ability, excel in diverse environments, making them ideal
for tasks that demand precision, flexibility, and quick re-
sponses. Thanks to this, they have become widely utilized
in fields such as search and rescue, surveillance, agriculture,
package delivery, entertainment, and defense; their impres-
sive performance requires expert human pilots for opera-
tion, particularly in high-speed maneuvers within cluttered
environments like cities or forests. However, this reliance
on human pilots poses limitations on scalability, efficiency,
and safety, hindering the full realization of quadrotors’ po-
tential applications. Introducing autonomy to quadrotors
could revolutionize their utility and unlock opportunities for
new industries. Yet, the challenge remains in developing
autonomous quadrotors capable of navigating complex en-
vironments with both maneuverability and safety.

The challenge of developing autonomous quadrotors ca-
pable of navigating complex and unseen environments with
both maneuverability and safety lies in bridging the gap be-
tween fast perception and effective planning. Addressing
these challenges requires robust algorithms capable of han-
dling sensor noise and planning strategies to ensure efficient
navigation while maintaining safety under uncertainty.

Various approaches have been taken to address this is-
sue. Some concentrate solely on perception [6, 10, 21, 29]
employing robust online mapping and localization, and
plan within the maps they generate. While others disre-
gard perception, by modeling the environment to have per-
fect knowledge, and concentrate solely on planning [1–
3, 14, 15, 19]. However, overlooking either aspect results
in limitations. Effective navigation requires addressing both
perception and planning.

One promising approach to bridge the gap between per-
ception and planning in autonomous quadrotors is by train-
ing visual policies. These policies offer end-to-end solu-
tions by directly planning through the visual input from the
drone. Recent works [18, 25, 27] have shown promising ad-
vancements in this area, demonstrating the efficacy of visual
policies in enhancing navigation capabilities in complex en-

vironments. By leveraging data collected by human pilots,
these works have successfully trained visual policies to gen-
erate local trajectories that imitate human pilots. With deep
learning techniques, visual policies can learn to map visual
inputs to local trajectories directly, enabling quadrotors to
navigate in complex environments without relying on ac-
curate mapping and localization or prior knowledge. And
Unlike past approaches, there is no explicit mapping and
planning stages where errors can compound over time. Ad-
ditionally, visual policies can mitigate the effects of sensor
noise and uncertainties by learning robust representations
from raw visual input, thereby improving overall naviga-
tion performance and safety. Through the integration of vi-
sual policies, autonomous quadrotors can achieve greater
maneuverability and safety in complex and unseen envi-
ronments, unlocking their full potential for various appli-
cations.

2. Related Work
In the pursuit of autonomous drone flight, various method-
ologies have been explored to address the challenges of per-
ception, mapping, planning, and control. These approaches
aim to enable drones to navigate complex environments
with both agility and safety, laying the foundation for di-
verse applications.

2.1. Online Mapping

An established paradigm in autonomous drone flight in-
volves mapping the local environment using sensor data,
typically facilitated by Simultaneous Localization and Map-
ping (SLAM) techniques. However, traditional SLAM
methods can impose significant computational burdens, po-
tentially limiting their real-time applicability. To miti-
gate these challenges, recent advancements have focused
on leveraging visual SLAM (V-SLAM) techniques. For
instance, works [6] utilize Monocular V-SLAM to gen-
erate a sparse map, reducing computational requirements.
Similarly, works [10] address scale learning challenges in
Monocular V-SLAM by integrating camera and IMU data.
Furthermore, works [29] employ Monocular V-SLAM for
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emergency landing tasks in cluttered environments, em-
ploying techniques like grid mapping and image segmen-
tation to enhance robustness. Despite the progress in V-
SLAM, its computational demands during high-speed ma-
neuvers remain a concern.

2.2. Reinforcement Learning

Recent endeavors have explored deep learning-based al-
ternatives that collapse the mapping and planning tasks,
offering a direct path from sensor input to flight control.
Reinforcement learning (RL) has emerged as a powerful
paradigm in this domain. For example, works [1] train
a modified AlexNet using reinforcement learning, tailored
for real-time constraints. Similarly, works [2] utilize rein-
forcement learning (RL) and Proximal Policy Optimization
(PPO) for autonomous air-traffic control, demonstrating the
adaptability of RL techniques in diverse applications. Ad-
ditionally, works [15] extend Deep Q-Networks for drone
control, addressing issues like overestimation with tech-
niques such as Double Q-Learning[12] and Dueling Archi-
tecture. Moreover, works [14] employ Proximal Policy Op-
timization with Long Short-Term Memory [11] networks
for drone control, further advancing the capabilities of deep
RL in this domain. These advancements in reinforcement
learning techniques offer promising avenues for enhancing
autonomous drone flight capabilities, particularly in com-
plex and dynamic environments.

2.3. Recent Advancements

Beyond RL-based methodologies, other deep learning ap-
proaches have been instrumental in enhancing autonomous
drone flight capabilities. For instance, works [18] utilize
sensor data to generate trajectories through imitation learn-
ing, showcasing the potential of this approach in learning
from human demonstration. Moreover, works [9] curate a
drone crash database and train a neural network for obstacle
avoidance, addressing safety concerns in complex environ-
ments. Furthermore, works [16, 22, 30] optimize convolu-
tional neural network (CNN) architectures for deployment
in nano-drones, highlighting the importance of efficiency in
resource-constrained platforms. Additionally, works [31]
developed efficient motion planning techniques by using
kinodynamic path-searching and B-spline optimization, of-
fering robustness in trajectory generation. Finally, works
[5] propose a navigation guidance system based on Propor-
tional Navigation Guidance for obstacle avoidance without
the need for mode switching, streamlining the control pro-
cess.

A promising avenue in autonomous drone flight is the
adoption of end-to-end policies, which directly translate vi-
sual inputs into control commands, bypassing intermediate
mapping and planning stages. These policies offer stream-
lined solutions for navigation in complex environments,

capitalizing on deep learning techniques. Through the in-
tegration of visual policies, drones can achieve greater ma-
neuverability and safety, unlocking their full potential for
various applications. Recent works in this area [18] have
demonstrated significant advancements, showcasing the ef-
ficacy of visual policies in enhancing navigation capabilities
and overcoming challenges associated with perception and
planning.

3. Baseline Method
Our approach to developing a visual policy for autonomous
quadrotor flight primarily follows the methodology outlined
in ”Learning High-Speed Flight in the Wild” [18]. This
involves initial training in simulation, followed by refine-
ment using real flight data. Simulation provides scalabil-
ity and comprehensive environmental information, enabling
the creation of an expert policy. The expert policy, de-
veloped in simulation, serves as a blueprint for training a
student policy through imitation learning. Finally, the stu-
dent policy undergoes fine-tuning on real data before de-
ployment on a quadrotor. The methodology and equations
discussed in Section 3.1, 3.2, and 3.3 are taken from the pa-
per [18]. However, as the equations are not standardized, it
is essential to introduce them for the reader to understand
the relationship between cost, path deviation, and collision.

3.1. Expert Policy

The expert policy utilizes privileged information from the
environment and operates without time constraints to map
the quadrotor’s state, including its visual inputs, to optimal
local trajectories toward a goal. This is achieved through
global path planning algorithms [17] to find an initial refer-
ence trajectory. However, a single trajectory does not cap-
ture the full distribution of possible trajectories. For exam-
ple, if an obstacle is directly in front of the quadrotor it is
possible dodge it to the left and to the right. To address
this, a sampling algorithm explores branching trajectories
at each time step.

The expert policy implements a sampling-based motion
planning algorithm with perfect knowledge of the platform
state and environment, available only in simulation. With
this it generates a set of collision-free trajectories at each
time step representing the desired quadrotor state over the
next five seconds, starting from the current state. Trajec-
tories are sampled from a probability distribution condi-
tioned on a reference trajectory and the environment’s struc-
ture. The distribution favors trajectories that avoid obsta-
cles but still follow the reference trajectory. This distri-
bution is complex and frequently multi-modal in cluttered
environments, making analytical computation intractable.
Therefore, random sampling, specifically the Metropolis-
Hastings (M-H) algorithm [24], is employed to approximate
the density function.
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The probability distribution governing the trajectory
sampling process is defined by the equation:

P (τ |τref, C) =
1

Z
exp(−c(τ, τref, C)) (1)

Here, τ represents trajectories, τref denotes the reference
trajectory, and C signifies environmental constraints. The
cost function c(τ, τref, C) incorporates collision avoidance
and state optimization objectives, ensuring trajectories are
both safe and efficient. In this formulation, the collision
cost Ccollision(τ(t)) is a critical component, defined to bal-
ance proximity to obstacles and adherence to the reference
trajectory. It accounts for the distance to the closest obsta-
cle, balancing safety considerations with optimization ob-
jectives. The trajectory cost function is expressed as:

c(τ, τref, C) =
∫ 1

0

λcCcollision(τ(t)) + ||τ(t)− τref(t)||2dt
(2)

Where λc is a weighting parameter used to balance the
sampling process between safe and optimal trajectories.

The collision cost Ccollision(τ(t)) is delineated as:

Ccollision(τ(t)) =

{
0, if dc > 2rc
−d2

c

r2q
+ 4, if dc ≤ 2rc

(3)

Here, dc represents the distance to the closest obstacle,
rc signifies the safety radius, and rq denotes the quadrotor’s
radius. This comprehensive formulation ensures that the
trajectory sampling process is guided by both safety con-
siderations and optimization objectives.

To decrease the sampling space dimensionality, trajec-
tories are represented as cubic B-splines [8], facilitating
efficient interpolation and ensuring dynamical feasibility.
Three Control points of the B-spline are sampled in a
spherical coordinate system, allowing for varied trajectory
shapes. Despite this efficient representation, the privileged
expert cannot operate in real-time due to computational
overheads introduced by sampling. However, the robust tra-
jectories generated by the expert policy can be used as data
for a student policy to learn to mimic it via a more efficient
deep neural network.

3.2. Student Policy

The student policy unlike the expert policy is subject to real
time constraints. Additionally the student policy doesn’t
have access to privileged information; it only has access to
onboard measurements. These measurements include the
visual input from its forward facing cameras, a depth map
estimated with the SGM [13], and the quadrotor’s altitude,
velocity, and desired heading towards a goal. The student
policy should be able to use this data and produce similar

trajectories similar to the modes of the probability distribu-
tion the expert policy samples from. For a further visual
understanding of this refer to Figure 3.

To process this data effectively, the student policy em-
ploys a neural network architecture. This architecture fea-
tures layers designed to extract and synthesize relevant fea-
tures from the depth images and state information. Specif-
ically, it consists of a backbone comprising a MobileNet-
V3 network [23] for depth image processing, followed by
a four-layer perceptron for state feature extraction. These
features are then concatenated and further processed by an-
other four-layer perceptron to predict trajectories and colli-
sion costs. Specifically the network proposes three possible
trajectories for a quadrotor to follow and their associated
costs.

To train the network, they utilized the Mean Squared Er-
ror (MSE) loss against the ground truth costs and the pre-
dicted costs, as well as the MSE loss against the ground
truth trajectories produced by the expert trajectory. How-
ever, it relaxes the MSE loss for expert trajectories that are
not the closest one to the proposed trajectory hence the win-
ner takes all equation.

The ground truth trajectories and the network predicted
trajectories are represented as:

τkn = [p(ti)]
10
i=1 , ti =

i

10
, (4)

The collision cost loss function compares the predicted
cost ck with the ground truth cost calculated from the point
cloud environment using Equation 3. It is computed as:

|T n|∑
k=0

(ck − Ccollision(τn))
2 (5)

And the loss function for the trajectory loss is the relaxed
winner takes all [26]. The equation compares each expert
trajectory to each trajectory predicted by the student policy.
And to make a fair comparison to each trajectory the pairs
of trajectories that are closest to each other are weighted
more heavily with the α(τ ie,p, τ

k
n) function. The equations

are represented as:

R-WTA(Te, Tn) =
|Te|∑
i=0

|Tn|∑
k=0

α(τ ie,p, τ
k
n)∥τ ie,p − τkn∥2, (6)

α(τ ie,p, τ
k
n) =

{
1− ϵ if ∥τ ie,p − τkn∥2 ≤ ∥τ je,p − τkn∥2 ∀j ̸= i

ϵ
M−1 otherwise.

(7)
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3.3. Baseline Validation

The baseline method validated their result in simulation
across four different environments: forest, narrow gap, dis-
aster, and urban environment. In the forest environment,
trees were generated randomly to create varied landscapes
with a predefined reference trajectory. For the narrow gap
environment, the gaps were randomized laterally. The dis-
aster and urban environment were static but represented
more challenging environments. The authors compared
their results with FastPlanner described in [31], Reactive
Planner described in [7], and a blind approach to validate
the complexity of the environment. They tested their model
at velocities ranging from 1 m/s to 10 m/s, performing ten
trials in each environment at each velocity. They outper-
formed the Fastplanner, the Reactive Planner, and the blind
approach across all velocities, and environments. At low
velocities until about 5 m/s, they had 100 percent collision-
free trajectories. However, at higher speeds, the accuracy
linearly dropped to approximately 60 percent at 10 m/s. To
evaluate the effect of latency and sensor noise, the paper
compared true depth with the estimated depth as input to
the model, which showed that using the stereo depth com-
pared to the ground truth depth had minimal impact on the
result.

4. Proposal Method

The proposed method is to implement the data generation
pipeline and the model developed in the paper Learning
High-Speed Flight in the Wild [18] from scratch, but also
explore explaining the methods developed in that paper.
Specifically, the goal is to make the autonomous drone more
robust and test the model in more environments.

The original plan was to introduce dynamic elements
into scenes to assess their impact on the method’s perfor-
mance. We also intended to investigate alternative appli-
cations for the heading value provided to the model, pos-
sibly directing it toward specific regions of interest within
an image. Additionally, we planned to experiment with the
model’s architecture, taking into account recent advance-
ments in transformers and diffusion policies. Lastly, we
planned to experiment with the generation of the data set to
produce more robust expert trajectories to train the model.

The proposed extensions of the projects were not fully
realized, due to challenges outlined in Section 6. We gener-
ated random scenes and implemented the privileged expert.
However, due to time limitations and the sizable dataset
requirement for neural network training, integration of the
random scene generation, privileged expert, and training on
our generated dataset were not attainable. Collision-free
trajectories were achieved in simulation with true depth im-
ages by using the a reduced dataset provided by [18]. Sub-
sequently, we validated the results using our dataset.

5. Result
Our group successfully implemented the expert policy and
coupled it with scene generation to make a dataset genera-
tion pipeline for the student policy. However, due to the lim-
itations outlined in Section 6 we were unable to successfully
train a child policy with results similar to the one achieved
in the paper Learning High-Speed Flight in the Wild [18].

5.1. Qualitative Result

The qualitative result for the data generation is discussed
in Section 5.1.1, and the qualitative result for the student
policy in Section 5.1.2.

5.1.1 Qualitative Result Expert Policy

For the dataset generator, our group created two scenes for
our expert policy to plan within, one is a castle from Italy
and the other is a randomly generated forest. The castle is
illustrated in Figure 1 and the forest is illustrated in Fig-
ure 2. From these environments our expert policy planned
a global reference trajectory and a physical drone rollout
that includes all of the force and torque commands that
are sent to the quadrotor to make it fly, this is visualized
in the Videos 5.1.1 and 5.1.1. From the environments and
the global reference trajectory, our sampling based motion
planner, implemented with Metropolis Hastings, then finds
better local trajectories at each time step for the global tra-
jectory, this can be seen in Figure 3. With all of this we cre-
ated a small dataset that could be validated with the child
policy.

Figure 1. Colosseum environment

• Video 1: https://drive.google.com/file/
d / 1GZ0NekQChSPg _ gIZ4HOfZTUg1K24PZR4 /
view?resourcekey (castle environment)

• Video 2: https://drive.google.com/file/
d / 1Z5eWpP0EvWNgXTh1 - 9oHaORpGk0mdlhy /
view?resourcekey (forest environment)

5.1.2 Qualitative Result Student Policy

The student policy was trained on 30,000 data points each
data point included a depth image an IMU observation, and
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Figure 2. Generated forest environment, with collision free path
generated by θ∗ [4] (blue line), and min snap trajectory optimiza-
tion [20] (green line)

Figure 3. Lowest cost expert trajectories from MH sampling

an associated point cloud. The model hyperparameters were
selected with a validation dataset of 3,000 data points, and
the model was then tested on a dataset of another 3,000 data
points. After several attempts to train the student, we failed
to achieve similar results as the baseline for reasons out-
lined in the challenges Section 6. The network did not fully
optimize the space loss, so the resulting trajectories do not
imitate the shape and desired direction of the input trajecto-
ries. However, it did optimize for the collision loss. This is
visualized in Figure 4 and Figure 5, which is also indicated
in our quantitative results discussed in Section 5.2. As an
important note, we used the dataset provided by the base-
line method [18] although we created own to help mitigate
potential issues.

Figure 4. Trajectories generated by the expert policy

Figure 5. Trajectories generated by the student policy

5.2. Quantitative comparison

The baseline method was able to train on 90,000 data points,
but we were only capable of training on a third of the dataset
because of the limitations explained in Section 6. Because
of this either our model overfit to the training data or the
loss plateaued before it could be fully optimized. However,
we were still able to calculate a rough collision percent for
our student policy. Comparing it to the baseline method
is not exactly fair because our model mainly optimizes for
the collision loss, eq: 5, and plateaus before any meaning-
ful change happens to the trajectory loss, eq: 6. Our group
achieved a student policy that collided 58.62% of the time
in the testing dataset, while the baseline method achieved a
collision percent between 0% and 40%, as detailed in Sec-
tion 3.3. However, for better comparison the model should
have been evaluated in several environments, with different
velocities and compared to the baseline results. And if the
model had better results, then it should have been evaluated
with our dataset.

6. Challenges

Our group ran into several challenges when training the stu-
dent policy. After attempting to train the model several
times, either the model over-fit to the training data or the
model’s performance plateaued before it was capable of per-
forming the task. To curb these results we added dropout
layers [28], regularization, data augmentation, parameter
freezing, and transfer learning yet we still were unable to
train a model to achieve the same results as our baseline
method. It became evident that we needed more data to
overcome this issue. It was reaffirmed when we included
data augmentations. However, the dataset already was con-
suming all of the system’s RAM and disk space on Google
Colab, so increasing the dataset size would require better
cloud computing resources than Google Colab Pro Plus.
The loss plot can be seen in Figure 6 and it highlights what
happened to our model after applying all the tricks to mit-
igate overfitting. The model quickly plateaus and underfits
to the training data instead making it clear the need for more
training data.
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Figure 6. Training loss, grey line, vs Validation loss, orange line.
Both underfit to the data as there is still plenty of room for the loss
to be minimised.

7. Conclusion
In conclusion, the group trained a visual policy, based on
[18], to find collision free trajectories that resulted in colli-
sions 58.6% of the time as discussed in Section 5.2. This
model is on the way to being useful but still has too low
accuracy to be secure in real practical applications. An in-
creased accuracy is believed to be achieved with more ro-
bust data generation and increased training data. In the fu-
ture, we want to utilize the dataset we created to test a wider
range of environments and produce more robust expert tra-
jectories. This would expose the training to a more diverse
set of data, which could reduce the risk of over-fitting the
model. Furthermore, the network architecture could be up-
dated to incorporate recent advancements in transformers
and diffusion policies.

Although the proposed extensions of the projects were
not fully realized, the work validates the approach used in
the paper. Additionally, new training data was generated to
further validate and improve the model. Due to the extent
of not only training on a dataset but also creating the en-
vironment, planning global collision-free trajectories, and
implementing Metro Hasting sampling, the group has rec-
ognized the significant effort required to produce datasets
that effectively train the network. Another important les-
son taken from the project is the limitations of hardware
constraints. A significant amount of time was spent find-
ing ways to train the network, highlighting the addressing
of hardware constraints early in the project. The group
has learned from the lessons and challenges the project
has provided, but will make the group more capable of ap-
proaching challenging computer vision problems in the fu-
ture.
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