
Acta Electrotechnica et Informatica, Vol. 24, No. 3, 2024, 23–27, DOI: 10.2478/aei-2024-0011 23

AI-POWERED OBSTACLE DETECTION FOR SAFER HUMAN-MACHINE
COLLABORATION

Maros KRUPÁŠ, Mykyta KOT, Erik KAJÁTI, Iveta ZOLOTOVÁ
Department of Cybernetics and Artificial Intelligence, Faculty of Electrical Engineering and Informatics,

Technical University of Košice, Letná 9, 042 00 Košice, Slovak Republic, Tel. +421 55 602 2569
E-mail: maros.krupas@tuke.sk

ABSTRACT
This article deals with ensuring and increasing the safety of mobile robotic systems in human-machine collaboration. The goal

of the research was to design and implement an artificial intelligence application that recognizes obstacles, including humans, and
increases safety. The resulting mobile Android application uses a MiDaS model to generate a depth map of the environment from the
drone’s camera to approximate the distance from all obstacles to avoid the drone’s collision. Besides, this work introduced us to DJI
Mobile SDK and neural network optimizations for their use on smartphones.
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1. INTRODUCTION
Human-Machine Collaboration (HMC), which focuses

on solutions where human workers and machines share
their skills and tasks to improve productivity, still poses
many challenges in industry applications, especially in be-
coming human-centric [1]. Safety is one of the primary
challenges that must be tackled to ensure workers’ physical
and mental health [2].

Despite safety being one of the most researched areas
in HMC, it still poses challenges with new systems being
implemented, particularly with ground and aerial mobile
robots, which are associated with greater risks mainly due
to their mobility, which is usually their main advantage [3].

There are many ways and methods of ensuring safety
in HMC. Vision-based safety systems have recently gained
popularity due to their affordable price and ease of cus-
tomization. In industry, vision-based safety systems are
used for various tasks, usually calculating the distance be-
tween points and obstacles, collision avoidance, human in-
tention recognition, visualizations and monitoring of safety
zones [4]. One of the methods that has gained popularity
recently is monocular depth estimation.

Depth estimation is a fundamental task in computer
vision, crucial for various applications, including aug-
mented reality, target tracking, and autonomous driving [5].
Monocular depth estimation involves deriving the distance
of objects in the image from a single image, essentially cre-
ating a depth map. Monocular depth estimation uses only
one camera to obtain an image or video sequence; thus, it
doesn’t require additional equipment but requires methods
to regress depth in 3D space. Recently, researchers have
proposed deep learning methods to handle traditional ap-
proaches [5].

This article presents our vision-based Artificial Intelli-
gence (AI) safety system solution. The system uses monoc-
ular depth estimation to enhance safety and is controlled via
a mobile application that operates the drone and its camera.

2. RELATED WORK

Safety concerns have been addressed since the introduc-
tion of industrial robots, where the initial task was to create

physical separation from humans. With the introduction of
mobile robots and cobots working close to humans, new
challenges have emerged, particularly in collision avoid-
ance [6]. However, collision avoidance alone is insuffi-
cient to ensure the psychological comfort of workers [7].
According to [2], safety protection mechanisms should be
proactive, including environments that can sense and pre-
dict human behaviour to ensure safe human-machine inter-
actions, especially in human-centric manufacturing. It was
shown that the development and validation of guidelines for
safety in human-machine collaborative assembly systems
are also done using digital twins [8].

Based on the reviewed literature [9], many safety ap-
plications use AI methods paired with RGB-D cameras,
such as deep learning, for object detection, collision avoid-
ance, calculating distances between humans and robots, or
motion detection to predict human actions. In one study
[10], authors proposed using Visual Question Answering
in HMC applications to improve effectiveness and safety,
combining computer vision and natural language process-
ing for a multimodal AI approach. For example, authors
in [11] created a method to detect dangerous situations for
humans in industrial settings with computer vision. In [12],
the authors presented deep learning and fuzzy logic-based
safety systems for collaborative ground mobile robots for
scene understanding using instance segmentation in a ware-
house environment.

Several monocular depth estimation applications have
been proposed and used for mobile robot tasks. While
safety is usually not the main topic of the articles, it is clear
that the research and work can enhance safety since depth
maps can be used to select collision-free waypoints to steer
robots in a safe path [13]. For example, authors in [14]
proposed autonomous navigation of mobile robots for ob-
ject detection, and authors in [15] proposed a method for
monocular visual odometry.

Various deep learning methods have been proposed in
the literature, such as GAN [16] (Generative Adversarial
Network) or CNN [12] (Convolutional Neural Network).
MiDaS deep neural network model for monocular depth es-
timation, which is also used in this work, was also used in
other works [17, 18] for autonomous navigation and map-
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ping of indoor environments using a drone equipped with a
monocular camera.

3. SOLUTION DESIGN

This paper aimed to design and implement an AI appli-
cation to increase safety using DJI drones. For this, Google
Pixel 7 Pro and DJI Mobile SDK version 5.8 were cho-
sen for implementation. To test our solution, we used the
DJI Mini 3 drone, which is suitable for its low price, small
size, and low weight. Mini 3 uses several sensors to en-
sure safety, including a camera, visual positioning system,
inertial measurement unit, barometer and positional sen-
sors such as GPS, Galileo and BeiDou, which couldn’t be
used due to testing in indoor laboratory conditions only. As
seen in the Fig. 1, the final architecture for this application
also included DJI RC-N1 Remote Controller to control the
drone movement and secure connection between the drone
and mobile application.

Fig. 1 Solution architecture

For the AI part, we used MiDaS (Multi-scale Differ-
entiable Architecture for Depth Estimation) 2.1 v21 small
256, a machine learning CNN model developed by Intel
Labs specifically designed for monocular depth estimation.
MiDaS is particularly useful for our solution, as it allows
drones to react to all obstacles. Our solution used the
drone’s camera to obtain image data. MiDaS model was
then used on our mobile phone in the Android application,
which was also responsible for obtaining video stream data
from the drone’s camera and all other drone functionalities.

4. IMPLEMENTATION

In this section, the final functions of the applications
are described. The application user interface (UI) consists
of the camera feed (see Fig. 2a) and buttons to control the
drone’s functionalities, such as turning on MiDaS monocu-
lar depth estimation, as seen in Fig. 2b. The model’s output
is depth data, represented by a 2D image array, represent-
ing the relative distance to all objects in the environment in
the image. Values of the array range from 0 to 255, where
black on the depth map represents 0 and the furthest objects

from the drone, while white represents 255 and the nearest
objects to the drone.

When the value limit for an obstacle is reached, a warn-
ing is shown on the screen. Furthermore, the image out-
put from the monocular depth estimation is divided into 9
zones in a 3x3 grid to further specify the exact location of
the detected obstacles. Based on the grid, if the obstacle is
detected on the side of the drone, the drone is moved away
to the opposite side, and when the obstacle is detected in the
middle zone, the drone is stopped. When the drone stops in
front of the obstacle, the user cannot control the drone with
the controller for a few seconds.

Fig. 2 Application UI: a) drone’s camera video stream, b)
MiDaS real-time depth estimation

5. RESULTS

After the application implementation, experiments eval-
uating our solution were done for static and moving obsta-
cles. Since the depth data represent relative distance only,
we measured all distances with a meter. In this case, three
metrics were evaluated:

• detection distance (m) - the distance from which the
drone detects an obstacle.

• speed (m/s) - speed of the drone at the moment when
the obstacle is detected.

• obstacle distance (m) - the distance between the
drone and the obstacle after the drone completely
stops.

The average results for static objects, depending on the
drone speed, are shown in Table 1. Based on our exper-
iments, we can also conclude that the complexity of the
patterns or images on these objects minimally affects the
distance at which the drone detects them. This suggests
that our detection system is robust to variations in object
appearance and focuses on other factors, such as object size
and contrast with the background, for successful detection.
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Table 1 Results for static objects

speed (m/s) detection distance (m) obstacle distance (m)

0,2 0,5 0,4

0,4 0,4 0,2

0,5 0,3 0,15

0,6 0,28 0,10

In the next phase, we examined the system’s ability to
stop before colliding with moving objects. The average re-
sults for different speeds of the drone before obstacles sud-
denly appeared in the drone’s camera view are shown in
Table 2. Based on the results, we can conclude that the
maximum safe speed of the drone to avoid collisions is 0,6
m/s for static objects and 0,35 m/s for moving objects. It
was shown that as the drone’s speed increases, the detec-
tion distance and obstacle distance decrease. Comparing
the results between detecting the static and moving obsta-
cles highlights the limitations of the reaction time of our
application.

Table 2 Results for suddenly appearing objects

speed (m/s) detection distance (m) obstacle distance (m)

0,2 0,2 0,14

0,3 0,2 0,10

0,35 0,2 0,05

Additionally, to evaluate reaction time, different met-
rics regarding application processing time are evaluated on
three different phones with various calculating powers to
evaluate the relation between the power of the phone and
the effectivity of our application. The first phone was our
original Google Pixel 7 Pro, the second phone was the
Realme X7, and the third was the Samsung S23 Ultra, pre-
senting the phone with the best power. All phones used
GPU to calculate the depth map. These metrics were:

• Conversion from raw to bitmap (ms) - Time of the
conversion from raw video source from the drone’s
camera to the bitmap format suited for the neural net-
work.

• MiDaS processing (ms) - Time it took for the MiDaS
model to calculate the depth map for the input bitmap
image.

• Decision making (ms) - Time for application to de-
tect obstacle based on the threshold value.

In Fig. 3, we can see that conversion from raw to bitmap
took the least amount of time from the three metrics. There
was also an additional delay not included in the figure in
communication between a drone and a mobile phone, which
was 120ms. This delay represented the time it took for the
phone to get the new image from the drone.

Thus, mobile phones’ processing capability directly in-
fluences the efficiency and responsiveness of the obstacle

detection system, which is critical for ensuring the safety
and performance of the drone in real-time applications.
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Fig. 3 Processing times of testing mobile phones in ms

6. CONCLUSION

Our experimental findings highlight the reliability of
our application in detecting obstacles and preventing colli-
sions with humans or objects. The results also indicate our
application’s responsiveness to sudden obstacles, although
this ability is limited to scenarios where the drone’s speed
is lower. This indicates that the application’s reaction time
may not be fast enough to handle sudden obstacles at higher
speeds.

Overall, our results indicate that future work should fo-
cus on optimizing other aspects of the system, such as re-
sponse time and the ability to estimate distances accurately,
rather than fine-tuning the ability to distinguish between
different patterns and images. Furthermore, future work
can also focus on distinguishing between different objects
and humans. Digital twin-enhanced validation of our solu-
tion could also be implemented

A significant strength of our solution is its potential to
enhance safety in various environments significantly. As
drones are increasingly used in complex environments such
as urban areas, industrial sites, and delivery services, it is
essential for drones to accurately detect and avoid obsta-
cles to prevent accidents and ensuring the safety of both
workers and machinery is important. However, the system
faces challenges in more dynamic settings that must be ad-
dressed to enhance overall safety. Integrating advanced AI
techniques for motion detection and behaviour prediction
further contributes to creating safer, more responsive sys-
tems. By continuing to advance these technologies, we can
develop solutions that meet current safety standards and set
new benchmarks for reliability and effectiveness.
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