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Abstract— With the introduction of new regulations in the European Union, the future of Beyond Visual Line Of Sight (BVLOS)
drones is set to bloom. This led to the creation of the theBEAST project, which aims to create an autonomous security drone, with
focus on those regulations and on safety. This technical paper describes the first steps of a module within this project, which revolves
around detecting obstacles so they can be avoided in a fail-safe landing. A deep learning powered object detection method is the
subject of our research, and various experiments are held to maximize its performance, such as comparing various data augmentation
techniques or YOLOv3 and YOLOv5. According to the results of the experiments, we conclude that although object detection is a
promising approach to resolve this problem, more volume of data is required for potential usage in a real-life application.
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1 INTRODUCTION

Drones have become widespread in the recent years, as technological
advancements have made their components available to the public.
They have also been studied as a versatile tool for tasks like search
and rescue, transportation or agriculture [1] .

However, its growth in commercial activities has been hindered,
largely by harsh regulations in most European countries. This has been
set to change, with the recent publication of new drone regulations for
all European Union members. The regulation dated at 11th of June
2019 introduced some clauses which stated that Beyond Visual Line
Of Sight (BVLOS) drones were allowed in certain situations [2].

That change in regulations led to the emergence of the Towards the
first and Best EU-approved Autonomous Security drone for BVLOS
flighT (The BEAST) project, a collaboration among Saxion, NHL
Stenden, University of Twente, eight SMEs and five Public partners.

This project is a sub-module of The BEAST, the whole module
being Object avoidance for fail-safe landing. More specifically, its
objective is to detect obstacles on the ground that could cause an
unsuccessful landing or people in the frame that must be avoided for
their own safety.

In flights within the visual line of sight, the operator can view the
UAV with their own eyes, and have the supplementary Point of View
(PoV) from its camera. For BVLOS, however, the pilot only has the
information provided by the UAV’s PoV. Therefore, an autonomous
obstacle detection and avoidance system would reduce the risk of
crashing in case of malfunction or other unexpected circumstances.

The system must also be self-contained and able to go on board of
the drone, to avoid the added risk of making its calculations remotely.
This adds a level of complexity to the project, as it needs to be run on
a lightweight computer. Fortunately, with the growth in popularity of
deep learning, machines specifically designed for running parallel
tasks have been introduced [3]. Although this is a final goal of the
module, in this project the main focus will be on optimizing the
performance of the project, not its speed and resource consumption.
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For this task we chose an object detection approach, to predict an
area where the object is located. There are multiple state of the art
algorithms for this task, and we chose the YOLO family for their
inference speed. More specifically, the models YOLOv3 [4] and
YOLOv5 [5] will be compared.

This research paper will address object detection for fail-safe
landings by answering the main research question: How can an
object detection method be used for robust obstacle avoidance in
camera-equipped drones?

To address the main question systematically, three sub-questions
have been identified and researched:

- To what extent is object detection the appropriate approach for
the type of data in this project?

- How much can the performance of the model increase by
applying data augmentation, and which techniques can improve
it the most?

- Which version of the YOLO architecture leads to a better object
detection performance towards the goal of this project?

2 STATE OF THE ART

There are several research papers regarding the Detection of Safe
Landing Spots for Unmanned Aerial Vehicles (UAV), including
drones. These papers include mostly traditional Computer Vision
techniques. In their paper from 2006, Bosch et al. [6] use various
homographies to estimate a plane which corresponds to the land.
Afterwards, the image is thresholded, separating the plane from the
obstacles. Moreover, they create a grid fusing all images to make a
complete view of the flight. This creates interesting results, at an
acceptable 2fps speed, but it has two fundamental flaws: it assumes
the ground can be mapped to a plane and that obstacles are stationary.

More recently, Lee et al., on their 2019 paper on UAV landing
guidance [7] use a technique based on optical flow. Their approach
consists on creating an optical flow magnitude map, created by
moving the drone downwards. On that map, obstacles have a higher
value than the ground, and thus they can be thresholded. This study
shows some promising results, but it relies on manually selected
thresholds and needs the drone to make a specific maneuver.

As none of the aforementioned studies meets the requisites of our
project, we proposed to use deep learning, within the context of either
object detection or anomaly detection.

The current state of the art in anomaly detection on images is the
2020 PANDA method [8]. It has a higher ROC AUC than the state of
the art over almost all the relevant datasets. Its main characteristic is



the use of a pretrained feature extractor, the output of which is used to
determine if a sample is an anomaly or not. Our concern with this
approach is that our data presents a high number of obstacles,
compared to the percentage of anomalies expected by an anomaly
detector.

Although anomaly detection remains a sensible path to follow in
the later stages of the project when it comes to recognition of unseen
obstacles, at this stage we opt for using object detection to perform
the anomaly detection. Among the studies on object detection for
footage from drones, in [9] authors use a Convolutional Neural
Network to create an object detector with various classes. On the
other hand, [10] uses a Fully Connected Neural Network to extract a
heatmap of the probability of a crowd being present. This one
diverges from our objective but it can be a valuable source of
inspiration.

The main problem with object detection is that it might overfit the
dataset and not be able to correctly generalize to different scenarios.
Another challenge to be faced is that of the view point. Being
captured from a Drone, our dataset consists of images from a bird’s
eye view. This might mean that most conventional object detection
datasets are not suitable for this project. However, some datasets do
exist for similar tasks. The aforementioned paper about crowd
detection [10] uses the VisDrone dataset [11]. This dataset was
created as a benchmark, divided in five tasks: image object detection,
video object detection, single object tracking, multi-object tracking,
and crowd counting. We reckon in the later stages of development it
will be beneficial to use the crowd counting part of the dataset to
improve the ability of the prototype to detect people in the scene.

3 MATERIALS AND METHODS

This section describes the materials and methods used throughout the
experiments, such as the dataset, software, hardware, and evaluation
metrics.

3.1 Dataset
A custom dataset was created by the Mechatronics research group at
Saxion University. It consists of 8 videos captured by their drones.
The videos are filmed at two different locations and in various weather
conditions, most noticeably after a snow storm. A total of 423 frames
was later converted into images, of sizes 3840x2160 or 1920x1080
pixels, depending on the UAV model.

Those images were labeled using the LabelMe [12] tool. With the
topic of the research being object detection, rectangular bounding
boxes is the right choice for the label type. As for the classes of the
objects to be detected, there are two of them in the annotations:
Obstacle and Person. Obstacle refers to any object in the scene that
the drone should avoid to land on, and Person is assigned to humans
in the scene which must be avoided. Figure 1 shows two samples
extracted from the dataset.

The dataset is split in two parts. The first version is used on all
experiments unless specified otherwise. Its 6 videos feature the same
location filmed by two UAV models and diverse weather and lighting
conditions. The second addition consists of two videos. One of them is
filmed in the same location as the previous dataset, albeit with different
weather. The other one is located at a different scenario, and only
contains objects of the class Person.

The first version of the dataset contains 300 images, which were
split into 230 training samples, 58 validation samples and 12 testing
samples. The new images, which sum to be 123, make the complete
dataset of 423 samples. This final version was more evenly split,
following a 70/15/15 ratio which results in 296, 64 and 63 images for
training, validation and test, respectively.

3.2 Convolutional Neural Network Architectures
Currently, Convolutional Neural Networks (CNNs) are the most
efficient and commonly used tool for object detection. Many state of
the art algorithms exist for this task, but in this paper we will be
focusing on the YOLO family, more precisely on its versions v3 [4]
and v5 [5].

Fig. 1: Snowy and cloudy samples from the dataset.
Class 0 represents Obstacle and class 1, Person.

YOLOv3 is the third iteration of the open source algorithm You
Only Look Once, by Joseph Redmon and Ali Farhadi. Although that
affects accuracy, it is able to perform near real-time predictions which
can be an advantage for our project. As the name suggests, YOLO
uses a single-shot approach, in which it only needs to process each
image once. For that, it creates some bounding boxes based on a grid
and then applies regression to predict their position and dimensions.
Additionally, on version 3, a Feature Pyramid Network is used in order
to collect features at three distinct scale levels. This helps the model
to be more robust to various object sizes.

YOLOv5 on the other hand, has been developed by the company
Ultralytics. It is the first iteration to be fully implemented in PyTorch,
without relying on the independent backbone used on the early
YOLO architectures, named Darknet. Data augmentation is one of
the most notable changes in this version. It applies scaling, color
space augmentations and most importantly mosaicing. It does the last
one by combining four images into a grid with random ratios.
Another key upgrade is the way it calculates the loss function, as it
uses a combination of Generalized Intersection over Union [13] and
the original YOLO obj and class losses.

Another interesting feature for our project is the fact that YOLOv5
has four model sizes plus a mobile version of each of them, which
feature an even more lightweight architecture. These can be used to
make a trade-off between speed and accuracy, or to better suit the
characteristics of a lightweight computer.

3.3 Software
The primary software used is the programming language Python via
the Pycharm IDE [14]. Multiple packages were used to add
functionalities to it, the most prominent being:

• Pytorch [15] for handling the machine learning tasks.




