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This paper addresses the problem of guiding a quadrotor through a predefined sequence of waypoints in cluttered environments,
aiming to minimize the flight time while avoiding collisions. Previous approaches either suffer from prolonged computational time
caused by solving complex non-convex optimization problems or are limited by the inherent smoothness of polynomial trajectory
representations, thereby restricting the flexibility of movement. In this work, we present a safe reinforcement learning approach for
autonomous drone racing with time-optimal flight in cluttered environments. The reinforcement learning policy, trained using safety
and terminal rewards specifically designed to enforce near time-optimal and collision-free flight, outperforms current state-of-the-art
algorithms. Additionally, experimental results demonstrate the efficacy of the proposed approach in achieving both minimum flight
time and obstacle avoidance objectives in complex environments, with a commendable 66.7% success rate in unseen, challenging
settings.
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1. Introduction In the context of racing in cluttered environments,
planning a collision-free trajectory with minimum-time
In recent years, drones have gained increasing popularity  traversal across a series of waypoints poses a formidable
across various domains due to their exceptional perfor-  challenge. Achieving the objective of minimum time neces-
mance, sparkmg a research ferv_or in autonomous drone  gjiates pushing the quadrotor to its physical extremes in
racing. For instance, th.e AlphaPilot Challenge [1, 2], the o6 of speed and acceleration. Furthermore, the existence
Zutonomous (?jrone racing a}t IROS anﬁ NemiIP? [3, f4]. of obstacles in three-dimensional space introduces highly
}?tﬁnorr.lous ronet. rac1r;g .1stan exlce e.nt pa(tiorm tmi non-convex optimization problems, making conventional
chatienging perception, trajectory. pianhing and contro methodologies impractical. The traditional framework often
technologies. The rules stipulate that the drones must sys- se lanni d . . .
. . X gregates planning and control, thereby increasing the risk
tematically navigate through a sequence of gates, ensuring X . D .
of crashes due to inconsistencies in models. This poses a

collision-free traversal while preserving the aggressive bstantial chall to th i £ ol d th
capabilities of the drones throughout the course. S}l_ stantial challenge to the agllity of planners an € re-
silience of controllers.

Previous works either do not utilize the complete dy-
Received 18 October 2024; Accepted 14 January 2025; Published 22 March namics of the quadrotor [5]' resulting in suboptimal and

2025. This paper was recommended for publication in its revised form by . . . .
- - ) even dynamically infeasible solutions, or represent
editorial board member, Jingiang Cui.

Email Address: $gangwang@bit.edu.cn trajectories using polynomials or splines, which limit the
+Corresponding author. positivity of control inputs [6], reducing the aggressiveness
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Parallelized Simulation

Fig. 1.

of the trajectories. While optimization-based techniques
might provide optimal solutions [7], they typically demand
significant computational resources and time, making
them less suitable for agile flight, particularly in environ-
ments rife with obstacles where computational demands
are further compounded by non-convexity. Additionally,
search-based methods [8] encounter model mismatch pro-
blems due to the separation of planning and control.

Given the successful applications of deep reinforcement
learning (DRL), we develop a DRL-based approach for
autonomous drone racing in cluttered environments. DRL
stands out as a promising alternative to traditional con-
troller designs, harnessing the trial-and-error process to
automatically optimize control strategies. Its capacity to
accommodate nonlinear dynamics and non-convex opti-
mization objectives renders it well-suited for our applica-
tion. Previous studies in autonomous drone racing have
shown that neural network controllers trained with rein-
forcement learning (RL) outperform optimal control
methods [9].

This work contributes a safe reinforcement learning
(SRL) based method for racing quadrotors in cluttered
environments, as shown in Fig. 1. In pursuit of minimizing
flight time and ensuring obstacle avoidance in cluttered
environments, a safety reward is proposed to encourage the
quadrotor to maintain a safe distance from obstacles. Fur-
ther, we introduce a terminal reward, activated upon task
completion, to save flight time even further. The proposed
safety and terminal rewards are designed to facilitate per-
formance that either matches or surpasses the capabilities
of the state-of-the-art method presented in [9] for achieving
minimum-time flight within cluttered environments. Ex-
tensive experimental analyses are undertaken, encompass-
ing comparisons of flight time performance, evaluation of
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Reset
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The proposed SRL framework.

generalization capabilities to navigate in unseen environ-
ments, and ablation studies aimed at validating individual
items of the proposed design. Our experimental findings
demonstrate that

e Our method significantly improves the policy’s obstacle
avoidance capability in cluttered environments by intro-
ducing a safety reward enforcing obstacle avoidance.

e By assigning terminal rewards (e.g. the objective of
minimizing the total time) upon task completion, the
negative impact by the safety reward can be mitigated.
Experimental validation illustrates that this approach can
achieve near-optimal agile and collision-free flights in
highly complex environments.

e The SRL policy, trained with randomized environments of
varying complexity levels, demonstrates robust general-
ization performance, achieving a commendable success
rate of 66.7% even in unseen, highly complex environ-
ments with dense obstacle configurations.

2. Related Work

In traditional navigation results, methods for obstacle
avoidance often decouple trajectory planning and control.
Given the minimum-time and collision-free trajectory, ac-
curate trajectory tracking by the controller is instrumental
for the quadrotor to navigate through the environment
safely. These methods can be classified into polynomial and
spline trajectory, search-based methods, and optimization-
based methods. Their effectiveness depends on the quality
of the planned trajectory and the resilience of the controller.
Polynomial [10] and B-spline [11] representations are
widely used due to their ability to leverage the differential
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flatness property [12], simplifying the planning process by
reducing the dimensionality of the problem. However, while
these methods excel at producing smooth trajectories, they
often fail to achieve optimal performance for minimum-time
flight [6].

Search-based methods translate trajectory planning into
graph search problems, with the goal of optimizing dis-
cretized time intervals. However, these methods [5, 8] face
the curse of dimensionality, especially in high-dimensional
spaces. Furthermore, they rely on point-mass models for
trajectory planning, which can compromise trajectory
quality. These methods have primarily been applied to path
planning between two points, which contrasts with our
multi-waypoint obstacle avoidance problem.

Optimization-based methods treat the time-optimal tra-
jectory as a constrained optimization problem and solved it
through nonlinear programming. These methods [7, 13, 14]
provide the optimal state and input control sequence at
each step while satisfying dynamic constraints. However,
this approach often faces challenges in time allocation. The
work by [15] introduces a complementary progress con-
straints (CPC) approach to address this issue, while also
considering true actuator saturation. Additionally, the work
proposes a novel approach to computing time-optimal tra-
jectories [16] by fixing nodes with waypoint constraints and
adopting separate sampling intervals for trajectories be-
tween waypoints. This approach significantly reduces
planning time compared to CPC but is not suitable for on-
line scenarios with long trajectories. Moreover, it does not
consider environments with obstacles.

In recent years, learning-based methods have garnered
extensive attention and achieved significant advance-
ments in agile flight. These methods [17, 18] offer prom-
ising solutions to various challenges by training neural
network policies to directly map high-dimensional
observations to control commands. For instance,
researchers have utilized imitation learning to train neu-
ral network policies for agile flight [19, 20], achieving
high-speed trajectory tracking using learned policies, and
integrating topological path planning methods with DRL
for obstacle avoidance. Previous work [9] has highlighted
the superior performance of neural network controllers
trained with RL over optimal control methods. This su-
periority stems from learning-based methods directly
optimizing policies at the task level. Nonetheless, the
existing work primarily focuses on obstacle-free envir-
onments and does not address scenarios with obstacles.
The work [21] combines DRL with topological path
planning methods, leveraging the advantages of deep
learning to overcome model mismatch issues. In contrast,
our approach does not require explicit trajectory repre-
sentation but directly outputs control commands from
observation states end-to-end.

3. Methodology

3.1. Quadrotor dynamics

We model the quadrotor, actuated by four motors, as a 6
degree-of-freedom rigid body of mass m with a (diagonal)
inertial matrix J. We refer to the quadrotor dynamics model
presented in [22] given as follows:

Pws = Vg,
Vs = quwg ® ¢ —g — RDR"v,

. 1 .
qwp = EA(WB) *qws

wp =J 1(n — wp x Jwp),

where © denotes the quaternion multiplication, py and
vyp represent the position and linear velocity of the
quadrotor in the reference frame WB. The quaternion qyp
represents the attitude of the quadrotor, wy is the body rate
in the body frame B, R is the rotation matrix, and D =
diag(dy,d,, d,) is a constant diagonal matrix collecting the
rotor drag coefficients, which is a linear effect in velocity.
Moreover, A(wp) is a skew-symmetric matrix, ¢ = [0, 0, c] is
the mass-normalized thrust vector and g = [0,0,—g,]7 is
the gravity vector with g, = 9.81m/s2. The conversion of
the four rotor thrusts [fy, f5,f3,fs] to the mass-normalized
thrust ¢ and the body torques 7 is given by

%(fl —f—fi+fs)
M| S5 h—ht ) |

i —f+f3—fa)

c= %(fl +fo +f3+1fa),

where [ is the arm length of the quadrotor, m is its mass,
and k is the torque constant. The thrust dynamics of each
individual rotor is approximated as a first-order system
fi = (f1i — f;)/km,» where fai is the desired thrust of rotor i
and k,, is the time-delay constant. We employ a fourth-
order Runge-Kutta method for integrating the dynamic
equations.

3.2. Reinforcement learning for minimum-time flight
without collisions

We formulate the autonomous drone racing problem in
obstacle-rich environments within the RL framework. In
this context, we model the drone racing task as a Markov
decision process (MDP) defined by the 6-tuple (S, A, P,r,
po0,7) [23], where S represents the state space, A is the
action space, P is the state transition function which defines
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the probability of transition from state s € S to state s’ € S
by taking action a € A4, the reward function r determines
that the quadrotor will receive an immediate reward r(s, a)
upon executing action a in state s. The quadrotor starts
from a state s, € S drawn from the initial state distribution
po- At each step k, an action a(k) is randomly sampled from
a policy my : S — A parameterized by a deep neural net-
work (DNN) with weight parameters collected in 6.

Our goal is to find the optimal policy 7j, namely, the
weight parameters 6 of the DNN policy 7y, by maximizing
the expected accumulative discounted reward as follows:

Ty = argrr}raxE lz 'ykr(k)] . (3)
’ k=0

3.2.1. Reward function

Training RL policies directly with the objectives of mini-
mizing total flight time and penalizing collisions will appear
intuitive. However, total flight time and collision penalties
represent sparse rewards, which make the learning difficult
and often leads to suboptimal solutions. Furthermore, as
the environment complexity escalates, training becomes
increasingly challenging. A feasible strategy to address this
challenge involves employing a proxy reward that closely
approximates the true performance objective while offering
feedback to the quadrotor at each step.

Rewards computed based on the path progress serve as
an alternative to the minimum-time flight reward. The gate
progress reward, as utilized in [9], provides a straightfor-
ward and efficient optimization objective to replace mini-
mum-time flight while circumventing sparse rewards. Our
approach extends the gate progress reward and introduces
additional ones to enhance the efficacy of minimum-time
flight in cluttered environments. As an ingredient of our
reward, the gate progress reward r,(k) facilitates the

p
quadrotor to find the shortest time path, given by

rp(k) = A([lg(k) = p(k = D] = [lg(k) = p(K)|]) = Azl ()],
(4)

where g(k) and p(k) represent the target point (e.g.
the target gate center) and the position of the quadrotor at
step k, respectively. The term ||g(k) — p(k — 1)|| — |lg(k) —
p(k)|| guides the quadrotor toward the center of the current
target gate; once it reaches the gate, its next gate in
racing is set as the target point. Moreover, A,||w(k)||
denotes a penalty on the body rate, where )\, is a small
coefficient.

Additionally, we introduce a safety reward to prevent
collisions in cluttered environments, by progressively
keeping the quadrotor away from obstacles within an ob-
servation range using exponential functions, defined as

follows:

N
(k) =29 e 90, (5)

where )3 is a coefficient that adjusts the aggressiveness of
the trajectory, N is designated as the nearest N obstacle
within the quadrotor’s observation range, and |[|d;(k)||
denotes the distance between the quadrotor and the ith
obstacle.

Therefore, the overall reward at each step k is given by

r. if collision,
AT if completed, (6)
0 else,

r(k) = ry(k) + ry(k) +

where r, and A\, T are the terminal rewards depending on
whether collision occurs or the racing task is successfully
completed. In our experiments, a substantial negative re-
ward of r, = —30 was applied in the event of a collision.
Task completion is deemed unsuccessful if the quadrotor
either collides or fails to reach the designated target point.
The variable T signifies the total time required by the
quadrotor to complete the task. Additionally, the reward
AT is introduced to penalize trajectories with excessively
prolonged completion times.

3.2.2. Policy architecture

The policy network consists of two layers, which take
observations o as input and directly map them to the
quadrotor’s action a. The observation space of the DNN
policy comprises three components: the state of the quad-
rotor, the positions of the next few target points, and the
distances between the quadrotor and N obstacles. Follow-
ing [24], we utilize rotation matrices to represent the atti-
tude of the quadrotor, thereby avoiding ambiguities and
discontinuities in gesture expression. The quadrotor’s ob-
servation is defined as o(k) = [pyp(k), R(k), vy(k),wp(k),
G,(k),||d;(k)|[}, where pyy(k), R(K), viys(k), and wp(k) are
the quadrotor’s position, rotation matrix, linear velocity,
and body rate, and G;(k) collects the positions of the next j
target points with the current target point included (we set
j = 2 in our experiment). The hyper-parameter j can take
any value equal to or less than the total number of target
points. Additionally, ||d;(k)||, where i€ [1,...,N], repre-
sents the Euclidean distance between the quadrotor and the
ith obstacle.

The action is defined as a(k) = [f*°?!(k),w(k)], which
consists of the desired collective thrust f*%!(k) and the
body rate w(k). Subsequently, a low-level controller is uti-
lized to execute the action commands. Notably, this ap-
proach has exhibited robust sim-to-real transferability in
learning-based control policies [25].
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3.3. Policy training

Improving the training efficiency and generalization of DRL
method remains a formidable challenge in robotics re-
search. Previous studies have suggested solutions, including
parallel training, segmented training [21], and domain
randomization [19]. To bolster the generalization perfor-
mance, we introduce a set of modifications to the training
environment, as elaborated below.

3.3.1. Parallel environment simulation

To train the policy in simulation, we utilize the open-source
Flightmare simulator [22], which can simulate several
hundred quadrotors with a flexible physics engine. Specif-
ically, 100 environments are designed for training RL pol-
icies. Each environment allows for different initialization
settings and variations, significantly enhancing data diver-
sity and saving time for data collection.

3.3.2. Representation of collision

Creating environments in the physics engine based on
Flightmare involves establishing interaction rules be-
tween the environment and the drone, such as collision
detection. In our training, obstacles, such as spherical,
cylindrical, and cubical obstacles, are simplified as single
or multiple spherical obstacles with a radius of r. A
safety distance dye =71+ 1+ €545 is defined to assess
potential collisions, with €,¢ denoting a safety thresh-
old. If the distance between the quadrotor and any ob-
stacle falls below the safety distance, i.e. d;; < dgug, or if
the quadrotor surpasses the world boundaries, it is
signaled as a collision, prompting a reset of the quad-
rotor’s position.

3.3.3. Domain randomization

Domain randomization has emerged as an effective
strategy for mitigating environmental and model
uncertainties. To enhance the generalization perfor-
mance and robustness of the RL planner, we incorporate
domain randomization into our methodology. Through-
out the training phase, the initial states of the quadrotor,
the positions of waypoints, and the complexity of the
environment (i.e. clutter) are randomly generated.
The quadrotor parameters, such as linear drag coeffi-
cient and thrust mapping coefficient, are randomly
sampled around calibrated values at each reset to ensure
the policy’s robustness against unknown and potentially
stochastic aerodynamic effects.

4. Experiments

In this section, a lot of tests were conducted to compare the
proposed SRL policy with state-of-the-art methods and to
evaluate its robustness and generalization capabilities in
uncertain and unseen experimental scenarios. Additionally,
a series of ablation studies were performed to validate the
design choices of the proposed method.

4.1. Experiment setup

The proximal policy optimization (PPO) algorithm [26]
stands out for its robust performance and easy tuning
process, making it a favorable choice among RL
researchers. In our study, we leveraged the PPO algo-
rithm to train the SRL policy that generates the quad-
rotor’s action. PPO relied on Stable-Baseline3 [27], a
trusted tool for RL implementations. Table 1 lists the PPO
hyperparameters.

Several cluttered environments were designed based on
Flightmare, allowing for the concurrent simulation of hun-
dreds of drones and environments. This approach signifi-
cantly bolstered the efficiency of data collection.

The scenarios, Split-S with obstacles and Forest with
varying density levels, were designed to evaluate the per-
formance of our approach. In both scenarios, the mission
requires the quadrotor to traverse a sequence of designated
waypoints from the starting point to the terminal while
avoiding the obstacles. The distribution of waypoints on the
Split-S track was generated similar to [9], while the posi-
tions of waypoints in the Forest environment were given in
Table 2. In contrast to the Split-S track, the Forest envi-
ronment presented a longer track with more obstacles. Two
experiments were conducted to respectively evaluate the
performance of flight time and the generalization capabili-
ties of the policy using these environments, along with
several ablation studies to validate our design. At the be-
ginning of each training, the state of the quadrotor or the
elements in the environment were randomly initialized. And

Table 1. PPO hyperparameters.
Parameter Value
learning rate 0.0004

MLP[512, 512] + ReLu
MLP[512, 512] + ReLu

policy network
value network

GAE-\ 0.95
discount factor 0.95
entropy coeffieient 0.005
batch size 25000
clip range 0.2
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Table 2. Positions of waypoints.

Waypoint number Position

[—20.0, 0.0, 1.12]
[~15.0, —5.0, 1.12]
[~10.0, —10.0, 1.12]

[-5.0, —5.0, 1.12]

[0.0, —10.0, 3.53]

[5.0, —5.0, 1.12]

[10.0, 0.0, 3.53]

[15.0, 5.0, 3.53]

[20.0, 0.0, 1.12]

O 0O UTL A WN -

all tests collected 1000 trajectories for evaluation. Two
metrics, average time and crash ratio, were used to evaluate
the policy’s performance. For Split-S, average time repre-
sents the mean lap time, while for Forest, it represented
the mean time required to reach the endpoint. Unless
noted otherwise, all experiments were conducted using a
quadrotor configuration with diagonal inertia matrix J =
[0.0025,0.0021,0.0043], rotor-drag coefficients d, = 0.26,
dy = 0.28, d, = 0.42, arm length [ = 0.15 and torque con-
stant k = 0.022. Additionally, the parameters in the reward

Table 3.

function were set as follows: \; = 1, A, = 0.01, \; =—0.05,
and \, = —1.

4.2. Minimum-time flight

To benchmark the performance of our method in capability
of flight time, a comparative analysis between our approach
and the recently proposed method [9] was conducted. Since
the RL method in [9] is not open-sourced, we reproduce the
algorithm based on the information provided in [9] and
achieve consistent results with those reported. In this ex-
periment, we only randomized the initial state of the drone
and one of waypoints at the beginning of each flight, in-
cluding its position, linear velocity, and orientation. Specif-
ically, the starting point of the quadrotor [pysgx, Pws,, Pws ]
was determined, and it was varied within the range of —1 to
1 m. Similarly, the linear velocity and orientation were also
randomly initialized between [—1, 1]. It is worth noting that
for the Forest environment, we did not randomize the ob-
stacle density during training, and the environments used for
testing were the same as those during training.

The results, as shown in Table 3, indicate promising
performance for our method. Additionally, Fig. 2 illustrates

Comparison of baseline and our RL method.

Method Environment Time (s) Crash ratio (%)

RL in method in [9]  Split-S with obstacles 7.11 0
Forest 7.34 90.20

Ours Split-S with obstacles 6.49 0
Forest 7.31 0
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Fig. 2.

The trajectories generated by our method in Split-S with obstacles are depicted in the figure. The light gray area represents obstacles.

During the flight, the quadrotor needs to pass through 7 waypoints, with one of them being randomly initialized in position for each flight.
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the 100% success rate achieved for both obstacle avoidance
and the completion of tasks involving multiple waypoints in
Split-S with obstacles. Our method demonstrates perfor-
mance that either exceeds or closely approaches that of
state-of-the-art methods in both environments. The Forest
environment presents greater challenges due to its in-
creased number of obstacles and longer track length. De-
spite these complexities, our method achieves performance
closely aligned with state-of-the-art benchmark, while en-
suring collision-free navigation throughout the entire tra-
jectory. The improvement in performance can be attributed
to the terminal reward A,T incorporated into our reward
function, as demonstrated in Sec. 4.4.

4.3. Performance in unseen environments

To evaluate the robustness and generalization of the pro-
posed SRL policy, in addition to randomly initializing the
quadrotor’s state as described in 4.2, we also changed the
complexity of the environment. Specifically, 100 environ-
ments with varying complexity, representing different den-
sities of obstacles, were created to train the policy. During
testing, we randomly generated three unseen environments
and categorized them into three levels based on the density

Table 4. Evaluation results in unseen environments.

Forest environment Average time (s) Crash ratio (%)

Level 1 7.31 0
Level 2 7.33 0
Level 3 7.46 33.33
e ©° ¥ ° (3]
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Fig. 3.

of obstacles: Level 1 (obstacle spacing approximately 5m),
Level 2 (obstacle spacing approximately 3 — 5m), and Level
3 (obstacle spacing approximately 1 — 3m).

The outcomes are depicted in Table 4. For each level, we
executed tests on 1,000 trajectories. Figure 3 showcases
the performance of our method in Level 1. The trained
neural network achieves a success rate of 66.7% in the most
challenging environment, which is not seen during training.

4.4. Ablation studies

We conducted ablation experiments to validate our method,
focusing primarily on the design of our reward function in
both Forest and Split-S with obstacles. In these experiments,
there were no changes made to the elements in the envi-
ronment during training and testing, and the environments
used for testing were the same as those during training.
Only the initial state of the drone was randomized during
both training and testing phases.

4.4.1. Safety reward

A safety reward, mentioned in Sec. 3.2, was designed to
encourage the drone to avoid obstacles. A smaller value of
Az < 0 corresponded to more assertive trajectories. This
experiment aimed to validate the impact of the safety re-
ward on the policy. The result is shown in Table 5. In the
Forest environment (obstacle spacing approximately
1 —3m), “Average Time” signifies the completion time,
whereas in the Split-S environment, it represents the lap
time. The Forest environment presents a higher degree of
complexity compared to Split-S. Consequently, in the

12

(wlz
omNwaU AN
T
(=2}
Velocity Magnitude

0
10

The trajectories generated by our approach in a level 1 forest environment navigate through nine waypoints while effectively

avoiding obstacles. The light gray area in the figure represents the obstacles.
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Table 5. Ablation studies testing the efficacy of the safety reward.

Environment Safety reward Crash ratio (%)
Forest v 0

X 60.95%
Split-S with obstacles v 0

X 0

Table 6. Ablation studies for testing the efficacy of the terminal
reward.

Environment T Average time (s)
Forest v 7.31

X 8.57
Split-S with obstacles v 6.49

X 7.12

absence of the safety reward, the trained policy carries a
risk of collisions. This underscores the beneficial influence
of the safety reward introduced by our approach on ob-
stacle avoidance in intricate environments.

4.4.2. Terminal reward

In the early stages of training, the quadrotor triggered the
terminal reward r, in (6) due to flying out of the world
boundaries or colliding with obstacles because of its ran-
domly initialized policy. We conducted experiments to
verify this and found that, without r,, the policy struggles to
converge. This reward was assigned a substantial negative
value to prevent the quadrotor from revisiting similar
actions. In this experiment, our focus was on studying the
impact of the reward A\,T on the SRL policy. The results of
the experiment are presented in Table 6. When eliminating
the term A\,T, the policy exhibits subpar performance in
terms of task completion time. The experimental results
demonstrate that our design has a positive impact on
minimum-time flight.

5. Conclusions

In this paper, we presented a novel learning-based meth-
odology aimed at training an SRL policy to guide a quad-
rotor through cluttered environments, ensuring minimal
flight time and collision-free navigation. To this end, novel
safety and terminal rewards as well as training procedures
are designed. Our experimental results showcase the ro-
bustness and generalization capabilities of the proposed
approach. Additionally, ablation analyses underscore the

positive contributions of each component within our
framework. These findings indicate that SRL shows signif-
icant potential for high-speed flight and obstacle avoidance.
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