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Abstract—Attaching a robotic arm on a drone and make it inspect apples in an orchard is proposed to be done autonomous. This
approach uses simulated data to train and test the YOLOv5 object detect used for this application. This approach put together the
following research question: Can simulated data be used to train the detection model and test the localization of apples in mock
orchards? The following steps were taken to investigate whether this approach is a step in the right direction: collecting data, training
the YOLOv5s model on this data, compare different approaches on YOLOv5s and localise the objects in this data with the best model
for this purpose. The different approaches on using YOLOv5 were able to achieve equal mAP values. By using tiled YOLOv5s an
accurate localization of the detected objects was achieved with a mAP of 90.9% on object detection. This concludes that simulated
data can be used for this purpose. The next step is to examine how the simulated data performs on a real situation. And eventually
have a drone fly towards the apples it is detecting.

Index Terms—Stereo-camera, YOLOv5, RGBD, Localization

1 INTRODUCTION

Drones are increasingly used to reach poorly accessible locations.
They are able to arrive at these locations faster than humans can do
[1]. Due to its agility drones can get to locations where human safety
cannot be guaranteed. For example, emergency services using a
drone to search for people that lay under the rubble of a collapsed
building. This method of using drones has saved a significant number
of lives already. At this time of writing, DJI states that there are more
then 940 people saved by using drones to find them [2]. Besides the
importance of drones for emergency services. Drones are also used
for commercial purposes for example: a farmer that checks his crops
by flying over it with a drone. Using a drone instead of a helicopter
can save a lot of costs.

So currently, drones are being very effective for observing
purposes. The drones do this through the cameras for the visual part
and an e-nose for detecting gases in the air. This observing can
already make a lot of difference in some situations. In 2020 a surfer
was saved from a potential shark attack by an observing drone. The
team at Surf Life Saving NSW detected the shark right before tragedy
could struck and were able to save this mans life [3]. But is it also
possible for a drone to do more than just observe? Innovation starts
with an idea, MARS4Earth has this idea about a possible next step in
using drones. This idea consists of attaching a robotic arm on a drone
and make it interact with objects in its environment. To make this
idea even easier, this is proposed to be done autonomously. Manually
steering an arm to an object takes much effort, a person must guide
the arm to the object by controlling the arm and the drone and at the
same time avoid any obstacle. Making this autonomous will take the
following steps: First an object must be detected in the 2D plane by
using some sort of algorithm. With just this XY data in the frame of
the camera an arm is only able to get the position in the 2D plane. To
get to touching or grabbing the object the distance between arm and
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object is needed.
The main goal of this paper is to go through the smart vision

aspects of this autonomous interaction between a drone and objects in
its surroundings using simulated data. This will be done by taking the
following steps: collecting data, training the detection model on this
data and localise the objects in this data. After these steps, the object
detector in combination with the distance will be able to give the
correct XYZ-information of a detected object relative to the centre of
the image it is detected in. This goal is converted to the following
research question: Can simulated data be used to train the detection
model and test the localization of apples in mock orchards?.

2 STATE OF THE ART

2.1 Collecting RGBD data
The first way of collecting RGBD data is a light detection and
ranging sensors or LiDAR for short is in combination with vision
able to capture RGBD images. This is also used, in vehicles that can
drive autonomously while analysing and measuring their environment
a 3D LiDAR is used for this purpose. This camera is able to detect
distances accurate to a few millimeters [4] in multiple planes instead
of only one plane with 2D LiDAR. LiDARs in general are resistant to
different types of light incidence [5]. There is one significant
limitation for using a 3D LiDAR for this project. Cost, a 3D LiDAR
is out of scope for this project. The second way of capturing RGBD
images is by using a stereo camera, these are relatively cheap in
comparison to a 3D LiDAR and are still able to calculate depth to a
few millimetres significant [6]. These cameras consist of two separate
cameras like humans sense depth with two eyes. The estimated depth
is based on the triangulation of rays from multiple viewpoints. The
performance of modern stereo cameras is almost equal to LiDAR
lasers [7]. And therefore, an interesting way of measuring depth.

2.2 XYZ-position out of image
The distance of an object relative to the camera is something that is
being researched by Chen Z [8] while this paper is being written. By
using a stereo camera to detect and localize the objects a UAV can
interact with objects it is detecting. In the case of Chen Z they also
state that they improved standard YOLOv5 [9] to their YOLOv5 Tel
by changing the feature pyramid network to a bidirectional pyramid
network. They state that: The mean average precision value of their
YOLOv5 version increased by values between 0.8 and 1.0 %, their
model size and inference time also decreased. Their research




