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Abstract: The usage of unmanned aerial vehicles (UAV) has increased in recent years and new
application scenarios have emerged. Some of them involve tasks that require a high degree of
autonomy, leading to increasingly complex systems. In order for a robot to be autonomous, it requires
appropriate perception sensors that interpret the environment and enable the correct execution of the
main task of mobile robotics: navigation. In the case of UAVs, flying at low altitude greatly increases
the probability of encountering obstacles, so they need a fast, simple, and robust method of collision
avoidance. This work covers the problem of navigation in unknown scenarios by implementing a
simple, yet robust, environment-reactive approach. The implementation is done with both CPU and
GPU map representations to allow wider coverage of possible applications. This method searches
for obstacles that cross a cylindrical safety volume, and selects an escape point from a spiral for
avoiding the obstacle. The algorithm is able to successfully navigate in complex scenarios, using
both a high and low-power computer, typically found aboard UAVs, relying only on a depth camera
with a limited FOV and range. Depending on the configuration, the algorithm can process point
clouds at nearly 40 Hz in Jetson Nano, while checking for threats at 10 kHz. Some preliminary tests
were conducted with real-world scenarios, showing both the advantages and limitations of CPU and
GPU-based methodologies.

Keywords: collision avoidance; depth cameras; point cloud; UAV; CPU; GPU; spiral

1. Introduction

In recent years, there have been research efforts in the field of aerial robotics that
have led to a broader range of application scenarios [1]. This growing number of appli-
cations is closely related to the continuous change in the research focus, which tends to
approach higher-level tasks (such as navigation and task planning, paying attention to
visual odometry, localisation and mapping) [2].

Due to their success, the use of multirotor unmanned aerial vehicles (UAV) is mi-
grating from an isolated robotics’ research topic to a trendy tool [3] that supports several
applications and enables the possibility of new ones. The general interest in this type of
robot stems from their main characteristics: high manoeuvrability, hover ability, and a
reasonable payload–size ratio. At the current stage of development, UAVs can be used
for search and rescue missions, surveillance and inspection, mapping, among others [4],
carrying task-specific sensors (for example, cameras, optical sensors, and laser scanners).

The main objective of using drones is to support or enable the execution of tasks that
usually rely on human labour, while reducing risks and operational costs [3,5]. However,
this usually implies a high degree of autonomy of the UAV, which significantly increases
the complexity of the system and requires the use of perception sensors and algorithms
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to interpret them and generate appropriate control outputs. Navigation in complex and
harsh environments can be challenging, which implies the need for an obstacle detection
and collision avoidance module.

Obstacle detection is divided into three main steps: (1) data acquisition from the
perception sensors; (2) data treatment and representation in memory; (3) and, finally,
the detection of threatening obstacles. The first module is responsible for successfully
communicating with the sensors and reading data from them. In the second step, the
data treatment may involve some pre-filtering (such as limiting the accepted range of a
point cloud), and their representation may also require some data clustering to reduce
the memory requirements. Detection of the potentially risky obstacles depends on their
good representation and benefits from clustering, as it reduces the computational power
required to verify whether the obstacle interferes with the desired path. However, when
clustering, special care has to be taken to avoid losing meaningful environmental features.

Collision avoidance is responsible for calculating an avoidance trajectory in a minimal
time window. It needs to be fast enough to generate a solution without colliding with
obstacles. Therefore, it works as a bridge to produce navigation control commands from
the perceived obstacles in the surrounding environment.

As mentioned earlier, operating in harsh and confined environments increases the
perception requirements and control complexity. UAVs must be aware of the obstacles and
avoid collisions, even if this means neglecting their primary goal for self-security reasons.

Some approaches deal well with the task of path planning in known scenarios, such as
PRM [6] or RRT [7]. However, when working outdoors, the assumption of known scenarios
rarely holds [8], so an algorithm capable of reacting quickly enough to changes in the
environment to avoid crashing is needed. Works such as that in [5] attempts to address
this by using a 360-degree long-range 3D light detection and ranging (LiDAR) to perceive
the environment, using Octomaps [9] to store and process large point clouds.

This work aims to contribute with a reactive approach to the collision avoidance
methods, while keeping its procedure robust and straightforward. Despite the focus on
the collision avoidance layer, obstacle detection is also part of the study, as the avoidance
procedure clearly depends on it. The main challenge that arises as a limitation for the
developed work is the use of only one depth camera with a very limited field-of-view
(FOV) as a perception sensor, with a range of up to 10 m. This requires the algorithm to be
extremely fast, from data acquisition to control commands generation. Adding to this, is
the requirement to be able to run in a resource-constrained UAV on-board computer. To
exploit the implementation possibilities in a real scenario, both a CPU and a GPU solution
are developed, being tested, evaluated, and validated in a simulation environment.

The contributions of this article are then fourfold:

1. The development of an efficient and simple but robust method for reacting and avoid-
ing collisions with static or slow-moving obstacles that are not known beforehand;

2. The implementation of the method for both CPU and GPU, evidencing their ad-
vantages and drawbacks. The evaluation is done with different hardware setups
and conditions;

3. Consideration of the environment perception as part of the method, since it is one of
the main bases for the avoidance procedure;

4. Usage of a spiral to search for escape point candidates. Starting from the obstacle’s
centre, the spiral provides a quasi-optimal solution to avoid the obstacle in terms of
deviation from the original path. The first valid point is the one that deviates the least
from the original path, providing a collision-free operation.

The remaining article is organised as follows: Section 2 provides some insight about
literature related to the reactive collision avoidance topic; Section 3 presents some back-
ground on the frameworks used to implement the methodologies detailed in Section 4. The
results are in Section 5 and their discussion in Section 6. The final conclusions and future
steps envisioned are in Section 7.
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2. Related Work

This section presents some of the existing works that use a reactive collision avoidance
approach, mainly using point-cloud-based methods.

The addition of a third degree of freedom in trajectory planning for obstacles avoidance
significantly increases the complexity of the task. To overcome this problem, some literature
works [10–12] decompose the problem into a 2D analysis using 2.5D maps. However, these
maps result from projecting the 3D environment onto multiple planes and are particularly
useful for robots with predominant movement in 2D planes. When the robot has the
freedom to navigate in 3D space, some authors [13,14] use adaptive path planners based
on traditional approaches, like A∗ [15], D∗ lite [16], PRM [6], or RRT [7]. Besides their
high computational cost, these types of approaches generally have the disadvantage of
always computing a collision-free path to the desired final position, which can be a waste
of resources in an unknown or continuously changing environment.

Given this, the use of a reactive approach is preferable to deal with the unknown,
since the key idea is to navigate in complex environments using simple approaches to
locally avoid the most threatening obstacles. Examples of sensors that directly generate
point clouds are LiDARs, depth cameras or, more recently, event cameras (through the
accumulation of events over time). A more in-depth analysis on the usage of LiDAR or
camera-based approaches is done in [17].

2.1. Reactive Approaches

Merz and Kendoul [18] presented a LiDAR-based collision avoidance solution for
helicopters in structure inspection scenarios. They use only a 2D LiDAR and apply the
pirouette descent and waggle cruise flight modes to correctly map the 3D environment
by sweeping the sensor. This approach relies heavily on the accurate estimation of the
vehicle’s position to properly detect obstacles. No processing time analysis performed, but
the vehicle is able to perform uninterrupted flights while avoiding the obstacles, providing
a real-time solution.

Hrabar, in [19] also presented a reactive approach to collision avoidance. Whenever
an obstacle is detected in the planned path, the algorithm spawns an elliptical search
zone, orthogonal to the vehicle-goal straight path, to find potential escape points. Those
candidate escape points are considered valid only if there is a collision-free path from the
vehicle to them, and from them to a predefined distance in the direction of the destination
point. If no valid points are found, the ellipse expands up to 100 m, needing the pilot
intervention if no valid solution is found. The safety volume is composed of spheres
spaced in a way that approximate a cylinder. The escape points search typically took
17.7 ms (10 m ellipse) but can go up to 260 ms in the worst-case scenario, using a Bkd-tree
search approach. Both a stereo vision and LiDAR-based approach were tested (isolated
and combined), with the best results obtained when using the LiDAR-only system, even
using a 15-m range, in contrast to the 35-meter range of the stereo system.

In [5], Hrabar’s work is studied and extended, using a LiDAR sensor with 360-degree
coverage and a range of up to 100 m (but using only 40 m). The main contributions to the
previous solution were (1) limiting the search area of escape points to favour horizontal
movements and prevent navigation manoeuvres with the sensor’s blind spots, (2) a dynamic
safety volume that increases with the vehicle’s speed, (3) a local minima escape procedure if
no valid escape points are found, and (4) a limited search space of 20 m around the UAV’s
position. The algorithm’s procedure is depicted in Figure 1. The obstacle’s search took, on
average, 1 ms to be processed, while the escape point calculations required 0.97 ms in a
desktop computer (760 obstacle points). The tests with the UAV on-board computer had
only 83 obstacle points, resulting in 0.4 ms for obstacle search and 8.63 ms to calculate escape
points, clearly showing a performance dependence on the number of obstacles found.
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Figure 1. Algorithm representation of [5].

An alternative real-time approach proposed by Vanneste et al. [20] consists of an
extrapolation of the 2D VFH+ [21] to 3D using a 2D polar histogram of the environment.
The histogram is constructed based on the Octomap voxels, representing the azimuth and
elevation angles between the robot position and the evaluated voxel. The generation of a
new robot motion takes on average only 326 µs. The main drawback of this method is the
number of tuning parameters needed, depending on the application.

Other existing methods take into account the existence of known UAVs in the sur-
roundings for the collision avoidance trajectory. Alejo et al. [22] proposed an indoor
method based on optimal reciprocal collision avoidance (ORCA), where each UAV takes
responsibility in the process of avoiding others’ trajectories. All the planning and trajectory
generation is done by a simple central computer that knows the initial planned trajectories
of each UAV (pre-inserted), their positions at every moment (using a VICON localisation
system), and the parameters of the UAVs’ model. Static objects are also previously known,
since they are imported from a mesh file. The planning is done in the velocity space, and
the vehicles have to react when the current velocities differ from the desired. Due to the
existence of a centralised control and lack of perception on-board the UAVs, this method is
not suitable for direct application in an outdoor scenario.

The works of [23,24] deal with collision avoidance for aircraft sharing the same space
and static obstacles. In [23], they assume that UAVs know the position, speed, and heading
of neighbouring aircraft, within a given sensing range. The optimal path is based on
essential visibility graphs (EVG) dynamically updated when new UAVs or obstacles are
detected. When in a collision course, the UAVs are forced to follow the right of way rules to
comply with the existing aviation regulations. Du et al. approach [24] relies on dynamically
updated potential fields with an attractive force to the original planned path, and repulsive
forces to uncooperative UAVs. They also assume the timely and correct detection of the
latter, as well as an accurate inference of their position and speed. Despite being valid
methods for avoiding collisions with other UAVs, they both present results for detection
and avoidance in the range of hundreds of meters.

The approaches in [22,23] are mainly focused on the reaction to the presence of other
moving agents. There are also some works that try to deal with the short-range collision
eminence with dynamic objects at low altitudes, like birds or thrown balls. These objects
either have an unpredictable reaction to the eminence of collision, or are simply unable
to take action for avoiding it. [3] uses a monocular camera to detect potential dynamic
obstacles based on a deep learning approach. DroNet [25] also uses a deep learning
solution to enable drone navigation by training the network with car driving videos.
Similarly to [22], the processing is all done by an external computer that sends commands
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to the drone. When an obstacle crosses its path, the drone simply stops. A successful
implementation to avoid dynamic obstacles as well is presented in [26], where the authors
use an event camera and calculate an avoidance command depending on the direction and
speed of the obstacles, by combining attractive and repulsive forces (similarly to [24]). The
calculations are based on the accumulation of events over a time window and take 3.5 ms
from acquisition to command generation.

2.2. Analysis

After examining some 3D reactive collision avoidance methods, it becomes appar-
ent that it is a complex task that usually requires significant processing power. Some
approaches try to deal with this issue by reducing the search space or clustering the data.
However, the resources required to perform these actions are not considered in the final
evaluation of the algorithm. The reconfiguration of the search space may take some time,
depending on the size of the working map. The insertion of the point cloud is also a very
critical step, as it can be of considerable size and should be processed as quickly as possible
due to the urgency of the collision avoidance task. However, existing methods tend to
neglect this step as part of the avoidance procedure.

Another very important feature that needs special care is the navigation to unknown
areas, especially when the perception sensor is not able to map them while moving, e.g.,
moving vertically and having only a static 2D laser in the horizontal. Navigating into the
blind spot of the sensor is undesirable due to the risk of collision with undetected obstacles.
In the case of depth cameras, the effect of limited range and field-of-view (FOV) can be
minimised by rotating the UAV to the desired point before moving linearly.

3. Background
3.1. Octomap

The Octomap framework [9] provides an efficient way to represent 3D environments
using an occupancy grid based on the octree data structure. The octree provides an
hierarchical structure containing multiple nodes, called voxels, that correspond to cubic
structures in the 3D space. Each voxel may contain either 8 or 0 child voxels. If all 8 child
voxels have the same state (free or occupied), their representation is reduced to the parent
voxel only; otherwise, the 8-voxel representation is kept (Figure 2).

Figure 2. Octree hierarchical representation [9]. Occupied voxels in black and free in white. On the
right, parent voxels represented as circles and child as squares.

The base resolution of the octree and the number of layers determine the precision and
size of the voxels and allow the environment to be represented at the desired resolution
(Figure 3). The Octomap framework does not contain direct information about the voxel 3D
location. It is defined only for the root voxel, being the location of the child nodes obtained
by descending the layers of the tree. Each leaf of the tree corresponds to a cubic structure
in the 3D space. The deeper the layer, the smaller the cube and, therefore, more resolution
of the map.

Due to the noise and uncertainties of the sensors, the Octomap’s leaves have a proba-
bilistic number of occupancy to represent the environment. Applying a defined threshold,
the voxels can be classified as free or occupied. Unseen voxels have an unknown state. When
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using this map representation for navigation, there are two possible approaches: avoiding
the occupied voxels or following the free voxels.

Figure 3. Environment voxelised representation at multiple resolutions [9].

3.2. GPU-Voxels

GPU-Voxels [27] is very similar to the Octomap framework. It outperforms Octomaps
by exploring the highly-parallelised capabilities of a GPU, instead of being only CPU-based,
with a task division as depicted in Figure 4.

Figure 4. Structure of software components in GPU-Voxels [27]. The red area corresponds to CPU
components, while the blue area is GPU’s.

There are currently three implemented storage data structures: Voxel Map, Octree
and Voxel Lists. Depending on the use case, the structure shall be chosen accordingly
(Figure 5). In the insertion of new point clouds, the Voxel Map representation provides an
additional distance map, where each location is updated with the distance to the nearest
occupied voxel.

Voxel Map storage provides a very fast interface to update the voxels and get useful
measurements for collision detection. However, it allocates a complete map even to
unknown areas, making it less memory-efficient. In contrast, Voxel Lists have good memory
efficiency while maintaining collision detection speed by storing data in lists of relevant
data only and not dealing with empty voxels. The Octree representation is a more balanced
structure that is especially beneficial in sparse environments due to its hierarchical nature,
which has already been described in Section 3.1.
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Figure 5. Properties of the implemented storage structures [27]. Voxel Map in red, Octree in green,
and Voxel Lists in blue.

4. Materials and Methods

This section describes the work developed. This work covers the entire pipeline
of a point-cloud-based collision avoidance algorithm, starting with the insertion of the
perceived data (Figure 6).

TF

Map
Insertion

3D
Conversion

Obstacle
Detection

Avoidance
Calculation

Point
Cloud

UAV
Pose

Point Cloud
Global Frame

Octree
Voxels

3D Free/
Occupied

Obstacle
List

Control
Commands

Figure 6. Collision avoidance high-level pipeline. Blue blocks are related with the point cloud
insertion and representation.

Data received from sensors must be mapped into a global reference frame before
being inserted into the map representation to ensure coherence of the data over time. In
general, planners need the input data mapped into a 3D space. Therefore, after an octree
representation of the environment, both free and occupied voxels are mapped into the
3D Euclidean space representing the input for the obstacle detection phase. From the
obstacle list, the avoidance path calculation generates the control commands for the UAV.
The low-level specifics of UAV control are beyond the scope of this work.

In the implementation details described here, the collision avoidance pipeline consists
of three stages: the insertion of the point cloud and environment representation (in blue,
Figure 6), the search and detection of obstacles (in green), and the final computation
of the collision avoidance path (in orange). All phases were implemented using ROS
nodelets [28–30] associated to the same handler to reduce both memory usage (zero-copy
between nodes) and processing time, since the data does not need to be serialised and
deserialised in the publish–subscribe mechanism.

The method for reactive collision avoidance was implemented to work, and being
compared, in both CPU and GPU. Due to the difference in architectures, some procedures
differ between implementations. Therefore, the full pipeline of the method is first presented
for the CPU implementation, being then pointed out and described the differences for
the GPU.
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4.1. CPU Approach
4.1.1. Point Cloud Insertion

In this work, the input point cloud is directly provided by a depth camera. In the
CPU-based approach, the algorithm uses Octomap [9] to represent the environment.

After the point cloud is adequately transformed into the global frame, it is inserted
into the octree, updating the corresponding nodes. To speed up the processing, the map
insertion is stopped at this phase, neglecting the conversion of occupied nodes in the 3D
Euclidean space, as depicted in Figure 7. Instead, the obstacle detection stage directly
accesses the octree keys, by inverse converting the 3D points in the evaluation only when
absolutely necessary.

TF

Map
Insertion

3D
Conversion

Obstacle
Detection

Avoidance
Calculation

Point
Cloud

UAV
Pose

Point Cloud
Global Frame

Octree
Voxels

3D Free/
Occupied

Obstacle
List

Control
Commands

Figure 7. Collision avoidance high-level pipeline with 3D representation skip.

4.1.2. Obstacle Detection

The obstacle detection method is based on the works [5,19] by implementing a cylin-
drical safety volume to check threatening objects. However, the CPU and GPU-based
solutions differ in the cylinder approximation strategy.

To take advantage of the very efficient raycast implementation of Octomap, the cylinder
approximation was performed by firing n rays along the drone-waypoint direction with a
length L. Figure 8 shows an orthogonal cross-section of the approximation process.

V
R SV

Accepted center

Rejected center
Figure 8. Orthogonal cross section of cylinder approximation.

The number of rays fired depends on the desired safety radius RSV and the voxel size
V. The rays are parallel and spaced by V to ensure the coverage of all internal voxels in the
desired safety volume. On the external part, the cylinder volume is not fully covered, but
the tolerance can be neglected since the motion of the vehicle will cover it at a later time. In
a centre calculation with i horizontal steps and j vertical steps, the centres are accepted to
fire a ray only if the following condition is satisfied:√

(i ·V)2 + (j ·V)2 ≤ RSV ⇔
√

i2 + j2 ·V ≤ RSV (1)

Being r the current UAV’s position and p the goal position, the normalised direction d
is given by d = p−r

||p−r|| and the ray’s starting positions (after passing the validation step of
Equation (1)) are given by:
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raycenter i,j = r + (i · dy,−i · dx, j) ·V, where i, j ∈ Z (2)

The search with ray firing begins from the centre of the safety volume up to the radius
limit and always returns the nearest obstacle that intersects the volume. The used cylinder
length L is calculated by the minimum value between a predefined search range Lsearch
and the distance to the waypoint plus a safety distance:

L = min(Lsearch, ||p− r||+ RSV) (3)

4.1.3. Avoidance Calculation

This stage is only triggered when an obstacle is found and uses the closest object for
reacting to the existence of obstructing obstacles.

The process of avoiding an obstacle consists of searching an escape point, similarly
to [5,19], but this work uses an Archimedean spiral (radius = a · θ) rather than an ellipse.
The spiral was chosen since it provides a continuous function that moves away from
the origin with a linear angle growth. This provides an approach that tries to search for
avoidance paths, giving preference to those that less affect the original desired path.

Whenever an obstacle is found, the algorithm starts the search for valid escape points
using the spiral presented in Figure 9. The spiral is centred in the obstacle o, following
a horizontal direction that is orthogonal to the drone-waypoint direction d = p−r

||p−r|| .
Therefore, the candidates’ coordinates e will be calculated as follows:

radiushor = a · θ · cos(θ)

ex = ox + radiushor · dy

ey = oy − radiushor · dx

ez = oz + a · θ · sin(θ)

(4)

10 5 0 5 10
Horizontal (m)

10.0

7.5

5.0

2.5

0.0

2.5

5.0

7.5

10.0

Ve
rti

ca
l (

m
)

Figure 9. Archimedean spiral samples with a constant arc length. Blue points are considered valid
for further calculations. Red crosses are candidate escape points rejected beforehand to avoid very
low altitude flights.

If ez − oz < −3m, the candidate escape point is rejected, and the algorithm continues
the search. This approach tries to prevent the avoidance of obstacles from below and gives
preference to horizontal avoidance or altitude increasing since the probability of finding
obstacles tends to increase with the decrease in altitude. In the implemented approach, the
arc length used was larc = V and the winding separation w = π ·V =⇒ a = V/2.
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With the increasing of the spiral radius, the angle step needed to ensure a constant larc
decreases. Using an iterative search approach, the following angle θ can be approximated
based on the previous θprev by solving:

θ =

√(
V
2 · θprev

)2
+ 4 · V

4 · larc

V/2
=

√
V2 ·

(
θprev

2

)2
+ V2

V/2
= 2 ·

√
θ2

prev

4
+ 1 (5)

Considering a valid escape point e, the algorithm applies the procedure described
in Sections 4.1.2 and 4.2.2 for detecting obstacles for CPU or GPU, according to the setup
chosen. This stage tries to verify if the path is clear from the current UAV position to the
escape point, and from it to the final goal point (along a predefined length, for example,
10 m). If the escape point is valid, it is sent as an intermediate goal point to the UAV;
otherwise, the algorithm moves to the next candidate until it finds a solution or reaches a
maximum number of iterations. The scenario depicted in Figure 1 helps in understanding
this method, in which case the spiral replaces the ellipse.

4.2. GPU Approach
4.2.1. Point Cloud Insertion

Instead of Octomaps, the GPU-approach uses GPU-Voxels [27] with the Voxel Map
storage method. Despite the large memory requirements, the Voxel Map storage method
was chosen as it provides a faster update while keeping the collision detection throughput
high (see Figure 5). It also generates a distance map that is updated on insertion, having
the distance to the closest occupied voxel at a certain point. This feature is desirable to the
obstacle detection stage since it keeps the searching process simple.

4.2.2. Obstacle Detection

Taking advantage of the distance map provided by the Voxel Map storage method, the
process of searching for obstacles is the same as in [5,19], where the cylindrical shape is
approximated by a set of spheres (Figure 10).

Figure 10. Sphere approximation for cylinder approximation [19].

The maximum allowed sphere distance dmax is defined by:

dmax = 2

√
RSVV − V2

4
(6)

This value is used to calculate the number of needed spheres:

nspheres = ceil
(

L
dmax

)
+ 1 (7)
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Then the sphere distance dsphere is recalculated to keep a constant displacement:

dsphere =
L

nspheres − 1
(8)

Using the normalised displacement vector d = p−r
||p−r|| , the spheres’ centres are calcu-

lated as:
spherec = r + i · d · dsphere, where i ∈ {0, ..., nspheres − 1} (9)

The obstacle’s search is then simply getting the distance to the closest occupied voxel in
the GPU-Voxel distance map and verify if it is smaller than RSV . If yes, the correspondent
occupied voxel position is returned. To optimise the process, the search begins in the
drone’s centre and expands until L, returning immediately if an obstacle is found, ignoring
the verification of farther spheres.

4.2.3. Avoidance Calculation

Unlike the previous stages, the avoidance path calculation is common to the CPU and
GPU approaches.

4.3. UAV Control

In this work, only a depth camera will be used to perceive the environment. Since
it has a very limited FOV, when an obstacle is detected, the UAV controller stops the
motion and aligns its heading to the direction of the next waypoint before resuming the
motion. This is necessary to ensure a collision-free operation without navigating blindly in
unknown areas.

In case no viable alternate path is found after the iteration limit, a recovery procedure
has been implemented that instructs the drone to navigate to the previous waypoint and
to try to navigate to the problematic area again, but now with more knowledge about the
environment. To enable this approach, the UAV keeps a record of the waypoints used
throughout the process. This is also of interest for return to launch manoeuvres in complex
environments since a viable path (although in reverse) was already found, depending on
moving obstacles.

4.4. Summary

Figure 11 presents the algorithm’s state flowchart to help to understand the steps
presented in this section.

The grey box contains the elements related to the UAV control. Whenever a Final
Waypoint (desired position) is received, the drone aligns its heading and moves towards
it. At each iteration, it verifies if the waypoint was reached, and stops the movement
whenever it reaches the final waypoint. A waypoint is considered either a goal position
received externally or an escape point from the avoidance procedure.

In parallel with the control, the depth point cloud is stored using the Octomaps or
GPU-Voxels framework (blue box). Combining this information with the UAV’s pose and
waypoint, the algorithm keeps searching for potentially threatening obstacles (green box),
triggering the avoidance path calculation (orange box) if any is found. If the algorithm is
not able to get a valid avoidance path, the UAV navigates to the previous waypoint and
then resumes its operation towards the Final Waypoint. Otherwise, an escape point is used
to avoid the obstacle before going to the final position.
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Figure 11. Flowchart of the method.

5. Results

This section presents the main results of the different components of this work. The
evaluation of the method was divided into two phases: the first was an offline test using
Gazebo simulator, and the second was a preliminary trial using the real hardware in a real
scenario. The Gazebo simulator is a primary tool used by ROS for robotic simulations in
both academic and professional environments. Since it was developed from its genesis
for ROS compatibility, it is straightforward to get it ready to work alongside algorithm
implementations in ROS.

5.1. Setup
5.1.1. Vehicle and Sensors

Hexa Exterior Intelligent Flying Unit (HEIFU) [31] was the UAV used to test the
algorithm. It is a C3-class hexacopter equipped with a Pixhawk [32] flight controller
running ArduPilot, with an RTK-enabled GNSS system. It has a Jetson Nano [33] on-
board computer to receive data from the perception sensors and run the high-level control
algorithms. It uses an Intel Realsense D435i [34] camera to perceive the environment, that
provides both RGB images and a depth point cloud.

Jetson Nano is a low-cost small-sized computer suited for robotics applications with a
Quad-core ARM A57 @ 1.43 GHz CPU, a 128-core Maxwell GPU, and 4 GB of LPDDR4
RAM. The version on HEIFU has Ubuntu 18.04 operating system running ROS Melodic
Morenia. The Intel Realsense D435i camera has several working configurations. The
one used has VGA resolution (640 × 480 pixels) with 75 degrees of Horizontal FOV and
62 degrees of Vertical FOV, providing data at 15 Hz.
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For simulation purposes, a model of HEIFU (Figure 12) and a simulation environment
were developed and integrated into Gazebo, creating an algorithm testbed similar to real-
world conditions and valuable for first-stage testing. In the simulation model, the on-board
computer is not simulated as the algorithms will run either in the simulation laptop or in
the real on-board computer.

Figure 12. HEIFU prototype (left) and Gazebo simulation model (right).

5.1.2. Testing Stages

The first stage of the testing is subdivided into two parts:

1. Running on a laptop with an Intel Core i7-9750H CPU @ 2.60 GHz with 12 threads,
16 GB of RAM, and a GeForce RTX2060 GPU. The operating system is Ubuntu 18.04
running ROS Melodic Morenia;

2. Running on a Jetson Nano fully dedicated to the task. It runs only the developed
algorithm, being connected to the simulation environment via LAN.

The second testing stage was a preliminary trial for a real flight with all the drone’s
software components running. Therefore, it only consists of an analysis of the algorithm’s
response to the environment perception running online in the onboard computer, but
without affecting the UAV control for safety reasons.

The depth point cloud is provided at a rate of 10 Hz in the first stage, and 15 Hz in the
second. In both stages, the control is set to run at 100 Hz.

5.2. First Stage Results

During the evaluation of the algorithm, a safety volume RSV = 1 m, a search maximum
length Lsearch = 10 m, and 500 as the maximum number of iterations for searching an escape
point were used.

A set of tower cranes (Figure 13) was used to evaluate the algorithm’s success, through
which the UAV must be able to navigate, avoiding them when necessary.

Figure 13. Simulation scenario for evaluating the algorithm’s success.
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5.2.1. Laptop
Success

The success of the algorithm was tested using both approaches. Figures 14 and 15
(CPU and GPU, respectively) show the trajectories chosen to avoid collisions with the
tower cranes. It can be observed that the algorithm is successful in both cases, generating
similar, but not equal, avoidance paths (in yellow).

Figure 14. Success test using CPU approach in laptop (top view). UAV path in yellow. Green rays
are the safety volume; Red line is the straight-line connection between the starting position and the
waypoint. Pink sphere is the last escape point used. Blue cubes represent occupied voxels.

Figure 15. Success test using GPU approach in laptop (top view). UAV path in yellow. Green spheres
are the safety volume; Red line is the straight-line connection between the starting position and the
waypoint. Pink sphere is the last escape point used. Blue cubes represent occupied voxels.

Processing Times

The processing times presented result from two trials with the same set of waypoints.
However, they are not from the exact same flight test, and some quantities may vary, like
the number of environment voxels, due to the probabilistic nature of the map representation
and UAV pose.

Point Cloud Insertion: Figures 16 and 17 show the times of inserting the point cloud
into the map representation for the CPU and GPU approaches. The CPU approach shows a
clear linear dependence of the insertion times with the increase in input points. The GPU
approach also shows a linear but much smaller dependence on the number of inserted
occupied points.
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Figure 16. Point cloud insertion times using CPU approach in laptop.

Figure 17. Point cloud insertion times using GPU approach in laptop.

Since the GPU insertion times are low and less dependent on the number of input
points, on another trial, the free points were also added to the map in the directions that no
data are provided, using a range of 10 m from the camera. This makes the number of input
points constant (307,200 points). Figure 18 shows the new insertion times as a function of
the number of occupied points. Comparing this to Figure 17, there is not much of an effect,
as the linear dependence is only due to additional checking of the occupied points. This
also shows that the insertion times are mainly due to CPU data treatment before insertion
and CPU-GPU data streams communication overhead. The implementation of this feature
increases the map quality, since it erodes outliers.

Figure 18. Point cloud and free points insertion times using GPU approach in laptop.

It is worth noting that the CPU approach tends to have faster insertion times for depth
clouds below 20 thousand points, which has occurred in most of the flight.
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Obstacle Detection The search for threatening obstacles relies on the cylinder ap-
proximation methods described in Sections 4.1.2 and 4.2.2.

Figures 19 and 20 depict the times used to verify the need to compute an avoidance
path, given the number of occupied voxels in the environment map representation. No
clear dependence on the number of occupied nodes is shown in the graphs, being the
variations mainly due to the CPU load fluctuations since it was also running the simula-
tion environment.

Figure 19. Obstacle search times with respect to the number of occupied voxels using CPU approach
in laptop.

Figure 20. Obstacle search times with respect to the number of occupied voxels using GPU approach
in laptop.

The same analysis was performed for the dependence on the search range L
(Figures 21 and 22). The CPU approach with ray cast shows some dependence on the
range, but no dependence is observed for the sphere approach.

Figure 21. Obstacle search times with respect to the search range using CPU approach in laptop.
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Figure 22. Obstacle search times with respect to the search range using GPU approach in laptop.

Regarding the obstacle search times, the CPU approach had by far the best results,
showing that the ray firing strategy is much more efficient than the method with the sphere
approximation, despite its dependence on the range.

Avoidance Calculation: Finally, the time required to calculate a valid avoidance path
was analysed. In this trial, the maximum number of iterations was never reached. Due to
the iterative nature of the search and the dependence on the obstacle detection procedures,
a linear dependence on calculations times is expected with the number of iterations, which
is confirmed in Figures 23 and 24. Additionally, the GPU approach takes more time to find
a valid escape point. In Figure 24, the decreasing time for 75–100 iterations might be due to
the early cycle break strategy if an obstacle is found near the drone.

Figure 23. Avoidance path calculation times using CPU approach in laptop.

Figure 24. Avoidance path calculation times using GPU approach in laptop.

5.2.2. Jetson Nano

The evaluation steps in the Jetson Nano were the same as in the laptop; however,
in this case, the laptop is responsible for running the simulation environment, while the
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Jetson Nano is fully dedicated to run the developed algorithm, connected via LAN to the
laptop. This configuration removes the heavy simulation from the Jetson core, but relies on
the LAN speed.

Success

The first test focuses on the success of the algorithm. Figures 25 and 26 show the
avoidance trajectories chosen to overpass the tower cranes. The algorithm succeeds with
both implementations, generating similar safe avoidance paths.

Figure 25. Success test using CPU on Jetson Nano (top view). UAV path in yellow. Green rays are
the safety volume; Red line is the straight-line connection between the starting position and the
waypoint. Pink sphere is the last escape point used. Blue cubes represent occupied voxels.

Figure 26. Success test using GPU on Jetson Nano (top view). UAV path in yellow. Green spheres
are the safety volume; Red line is the straight-line connection between the starting position and the
waypoint. Pink sphere is the last escape point used. Blue cubes represent occupied voxels.

Processing Times

The set of waypoints is the same used in the laptop evaluation.
Point Cloud Insertion: The times for inserting the point clouds are depicted in Fig-

ures 27 and 28 for CPU and GPU. Both approaches have a dependence on the point cloud
size, being more notorious for the CPU. The results presented in Figure 28 include the
insertion of free points, used to clear outliers that might exist in the map from previous in-
sertions.

On Jetson Nano, the GPU implementation is only advantageous for depth clouds
above nearly 150 thousand points, which rarely happened during the flight. This suggests
that there exists a bottleneck in the CPU-GPU communication, causing the growth of
the insertion times. Using a low-power CPU also affects the performance, since the pre-
insertion processing tends to be slower.

In both cases, the large times (compared to the laptop’s evaluation) led to the drop
of some depth cloud messages, as can be confirmed by comparing the histograms of
occurrences (Figures 16 and 18 for laptop).
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Figure 27. Point cloud insertion times using CPU approach on Jetson Nano.

Figure 28. Point cloud insertion times using GPU approach on Jetson Nano.

Obstacle Detection: Using the respective approaches for cylinder approximation,
described in Sections 4.1.2 and 4.2.2, the algorithm had the processing times depicted in
Figures 29 and 30. None of the cases shows a clear time dependence on the number of
obstacles, but the processing time differences (between CPU and GPU) are even more
notorious here. For the ray cast method, Jetson Nano is nearly 2 to 3 times slower than
the laptop. However, in the case of sphere approximation, the processing time increases
10 times.

Figure 29. Obstacle search times with respect to the number of occupied voxels using CPU approach
on Jetson Nano.
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Figure 30. Obstacle search times with respect to the number of occupied voxels using GPU approach
on Jetson Nano.

Regarding the dependence on the search range L (Figures 31 and 32). Similarly to
the laptop evaluation, the CPU approach with ray cast shows some dependence on the
range, while no dependence is observed for the sphere approach. The processing time
increase, when compared to the laptop approach, is the same as for the number of obstacles
analysis, 2–3 times for CPU and 10 times for GPU. This large increase in the GPU approach
also suggests the CPU-GPU communication bottleneck, since the sphere method makes
requests to the GPU-Voxels distance map.

Figure 31. Obstacle search times with respect to the search range using CPU on Jetson Nano.

Figure 32. Obstacle search times with respect to the search range using GPU on Jetson Nano.

Avoidance Calculation: During the experimental flight, the maximum number of
iterations was never reached, and the processing times are presented in Figures 33 and 34.
Due to the dependency on the obstacle search strategy, the GPU method requires more
time for the same number of iterations; however, the relation between CPU and GPU
methods is not constant over the iterations, which again could be due to the early cycle
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interruption when an obstacle is near the UAV. This situation tends to occur more often
with slower processing. Since the vehicle will take longer to perceive the obstacles and
stop, the obstacles will be nearer when calculating the avoidance path.

Figure 33. Avoidance path calculation times using CPU approach on Jetson Nano.

Figure 34. Avoidance path calculation times using GPU approach on Jetson Nano.

5.3. Second Stage Results

After a complete evaluation of the algorithm in the simulated scenario, the next step
was to carry out a preliminary test with the real hardware in a real scenario. For safety
reasons, for this first test, the algorithm had no control over the drone navigation, being
the safety pilot the responsible for positioning the drone for the sensor acquisition of
the environment.

Unlike the offline test, the onboard computer Jetson Nano was now running all the
control algorithms, acquiring sensors, logging data to an external disk, and communicating
with a ground control station (GCS).

5.3.1. Processing Times

The test setup was simple and consisted only of flying the drone facing a wall (Figure 35)
to evaluate the algorithm’s perception and outputs. Both CPU and GPU-based implementations
were tested using the same strategy.

Figure 35. HEIFU flying in the real test scenario.
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Point Cloud Insertion

Figures 36 and 37 show the times obtained for inserting the depth cloud in the map
representations. The approach using CPU has shown to be entirely not viable to apply
in the real scenario. The insertion times of a single medium-size point cloud can take
3 s, not being suitable for the avoidance strategy. This effect occurred due to the high
computational load in the CPU, since it was managing other tasks in parallel (like acquiring
the camera).

Figure 36. Point cloud insertion times using CPU approach on Jetson Nano in the real scenario.

Figure 37. Point cloud insertion times using GPU approach on Jetson Nano in the real scenario.

On the other hand, the GPU insertion times were on pair (and even lower) with the
results obtained in simulation (see Figure 28). The lower times are due to a difference
between the simulated and real Intel Realsense cameras. The simulated camera is config-
ured to send a dense point cloud with the pixels with no value as NaN, allowing to easily
implement the strategy of cleaning the environment map by inserting free points. The real
camera only sends a stream with points containing valid measures, not being possible to
enable the free point insertion methodology. The implementation could be adapted by
identifying the pixels that were not received through trigonometric calculations; however,
they are computationally expensive and were not implemented for the first trials.

Obstacle Detection and Avoidance Calculation

These operations are mainly CPU-based and, since there was only one waypoint, they
have few measurements to plot in a graph. The few values obtained followed the trend
of the results presented in the Jetson Nano fully-dedicated operation (Section Processing
Times). The obstacle search times using the ray cast in the CPU approach were below
100µs, showing that the point cloud insertion increased time is due to scheduling priorities,
since fast tasks keep their processing times.

In both methods, when navigating against the wall, an avoidance procedure was
triggered, showing that the obstacles were detected as threats.
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6. Discussion

In the results section, some implementation specificities and conditions that led to
them have already been discussed. The evaluation had its focus on the processing times of
each module on different platforms.

When using the laptop to process the algorithm, the CPU approach is able to correctly
insert the depth cloud at a rate of 10–100 Hz, depending on the cloud size, while the GPU
is less dependent on the cloud size and can process the data at nearly 50 Hz. Searching for
potential obstacles in the map can be done at more than 30 kHz using the ray cast CPU
method, but only at 500 Hz when using the sphere with the GPU distance map method.
The times for calculating an avoidance trajectory depend strongly on the parameters used
(arc length, number of steps, spiral winding) but can be done, in a general map, in less than
1 ms with Octomaps, or 5 ms with the GPU version.

In the fully-dedicated Jetson Nano results, the insertion of point clouds in Octomaps
drops to a rate of 2.5–40 Hz, and in GPU-Voxels to an average of 4 Hz. The obstacle
detection can be done with a rate of 10 kHz in CPU, while the GPU method only reaches
50 Hz and has some processing time peaks. Dependent on these last values, the avoidance
path can be typically found in around 4 ms using ray cast to search possible paths and
50 ms using the cylinder approximation by spheres.

The test in a real scenario has shown the impossibility of using the CPU approach
for point cloud insertion due to the heavy CPU load (only reaches 0.4 Hz), but the GPU-
Voxels keeps the performance obtained in simulation, with an insertion rate of 6 Hz. The
remaining modules had the same performance as in the simulation trials.

From the real scenario results, the straightforward approach would be to implement
the GPU-Voxels approach to deal with the CPU load in operation. However, the ray cast
feature of Octomaps can greatly reduce the search and avoidance calculation times, being
very useful for having a quicker perception and response. Therefore, adding this feature
to the GPU approach would make it a good solution for applying in Jetson Nano, not
compromising the remaining UAV software modules.

Despite implemented, the strategy of moving to the previous waypoint to recover
from local traps was never triggered, since the iterations’ limit when searching for an escape
point was never reached. Adding to this, this method needs some extra benchmark in
terms of success and quality of the path generated. Being a reactive solution for preventing
collisions, the path followed might not be optimal (or even near it). However, the spiral
strategy tries to minimise it by deviating from the straight line only when needed, and the
distance strictly needed to ensure the safety of the vehicle and structures.

7. Conclusions

In this work, a reactive approach to the collision avoidance problem was developed.
Unlike other existing works in the literature, this paper also covers the problem of trans-
forming the data from the perception sensors in the map representation, considering it
part of the collision avoidance problem, since the avoidance success highly depends on an
accurate map representation.

Two approaches were developed to evaluate both CPU and GPU advantages and
limitations. The map representation is based on octrees, and the obstacle’s search relies
on a safety volume from the drone, pointing in the direction of the movement. The safety
volume is cylindrical, but approximated either by a set of ray firings (CPU approach) or a
set of spheres (GPU approach). If the safety volume is crossed, an avoidance procedure is
triggered. The avoidance path calculation evaluates a set of candidate escape points that
are generated from a spiral-shaped iterative method, centred on the closest threatening
object. The escape point (and, therefore, the path) is valid if the safety volume is ensured
from the drone to it and from it to the final goal point along a specified distance.

The method was implemented in ROS and validated with Gazebo simulation. It
successfully made the UAV navigate in a complex environment, keeping low processing
times both in a high-performance laptop and in Jetson Nano, a low-power GPU-enabled
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computer. The map representation in the CPU used Octomaps, and GPU-Voxels for the
GPU implementation. The algorithm was able to deal with point cloud insertion rates of
10–100 Hz using Octomaps in the laptop and 2.5–40 Hz in the Jetson Nano. GPU-Voxels
representation had less dependency on the point cloud size, updating the map at 50 Hz
in the laptop and 4 Hz in the low-power computer. The ray cast method to approximate
the cylindrical safety volume has provided a tool to search obstacles at 10 kHz in the
Jetson Nano.

Due to the high CPU load caused by the other components running, the Octomaps
performed poorly in a real scenario for updating the map, but GPU-Voxels kept the
performance obtained in simulation. Generally, the GPU map representation provided a
solution almost independent of the point cloud size, while the CPU ray cast approach was
the best for searching potential obstacles.

It is worth noting that the GPU-Voxels native implementation is for Intel-based CPU
architectures, while Jetson Nano has an ARM-based CPU.

7.1. Future Work

In order to improve the developed work so far, an implementation of ray cast in GPU
seems to be a promising path to follow, accompanied by a deeper study of GPU-Voxels
structure and implementation. An alternative to this framework is the Nvidia GVDB-
Voxels [35] . Other map representations not based on octrees shall also be considered.

The implementation code can be further optimised, avoiding floating-point operations
and replacing trigonometric functions with lookup tables. In pair with this, a focus on the
UAV control can also help to improve the performance. If the direction change between
waypoints is not significant, the drone could keep moving while rotating, having smoother
behaviours.

For improving the robustness and efficiency of the algorithm, further real-scenario
tests are envisioned to deal with the real-world variables and uncertainties that are often
not present in the simulation environments. The testing of the algorithm in a Jetson Nvidia
Xavier NX [36] is also planned to evaluate whether it is sufficient to alleviate the high CPU
load suffered by Jetson Nano.
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Abbreviations
The following abbreviations are used in this manuscript:

CPU Central Processing Unit
EVG Essential Visibility Graphs
FOV Field-Of-View
GCS Ground Control Station
GNSS Global Navigation Satellite System
GPU Graphics Processing Unit
LAN Local Area Network
LiDAR Light Detection And Ranging
ORCA Optimal Reciprocal Collision Avoidance
P2P Peer-to-Peer
ROS Robot Operating System
RTK Real Time Kinematics
UAV Unmanned Aerial Vehicle
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