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Abstract: In crowded urban environments, service robots need to guide pedestrians safely while avoiding them. Tradi-
tional approaches such as artificial potential field methods enable real-time path planning at low computational cost, but
they assume full visibility of pedestrians using on-board sensors such as LiDAR and cameras. In practice, these sensors
suffer from occlusion and limited field of view, reducing safety and reliability. To overcome this limitation, we propose
a novel pedestrian-aware navigation system that combines a drone-based bird’s-eye view with YOLOVS object detection
and artificial potential method. The drone captures overhead images of the environment, from which YOLOvS detects the
positions of pedestrians and mobile robots in real time. The geometric relationship between the drone and the ground is
modeled using a pinhole camera model to accurately calculate the coordinates of the pedestrian. These coordinates are
transmitted to the robot via ROS, enabling global situational awareness and safe path planning even when on-board sensors
fail due to occlusion. Experimental validation, demonstrates that the proposed system accurately detects all pedestrians
in the vicinity and enables early and effective collision avoidance. The robot successfully navigates complex scenarios in
which pedestrians suddenly appear or do not have direct line-of-sight contact, validating the effectiveness of the proposed
drone-assisted navigation system.
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1. INTRODUCTION ers (LRFs) and CCD cameras) are used, but these sensors

are these sensors are sensitive to occlusion. Therefore,

In recent years, demand for service robots has been even if a mobile robot avoids a person in front of it, there

rapidly increasing. These service robots need to safely is a high probability of colliding with other pedestrians
avoid pedestrians around them while navigating to their that were not detected due to obstructions.

destinations in crowded and complex environments such

as sidewalks, parks, and residential areas. While methods using fixed cameras on ceilings or high

. . . . places have been proposed [3], they are limited by a fixed
In previous studies, artificial potential methods have field of view and high installation costs. Although YOLO

been use.d as a way for mobile robots FO avoid pedestrians [4] and potential functions [1] are established techniques,
[1]. This method has low computational costs and en- this study’s novelty lies in the direct integration of a

ables real-time path planning for mobile robots. Further- drone’s real-time aerial view with a robot’s navigation
more, a potential method has been proposed that synchro- logic. This approach uniquely overcomes the occlusion
nises with surrounding pedestrians in crowded environ- and range limitations inherent to ground-based sensors.

ments and generates paths that follow the overall pedes- By combining these elements, this work develops a path
trian flow [2]. planning strategy that allows a mobile robot to safely nav-
igate complex environments with a comprehensive under-

However, these previous studies assume that the robot standing of its surroundings.

can detect all pedestrians in the environment. Although
the effectiveness of this approach was confirmed in a sim-

ulation experiment in [2], in actual environments, robots This approach utilizes a drone to detect the mobile
are often equipped with external sensors, and their instal- robot and all surrounding people from a bird’s-eye view
lation positions are limited by the size of the robot itself. using the real-time object detection algorithm YOLO [4].
In many cases, external sensors (such as laser range find- By integrating this approach with the aforementioned po-

tential method, we develop a path planning strategy that
+ Masafumi Yoneoka is the presenter of this paper. enables a mobile robot to navigate a complex environ-
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ment with many people while maintaining the natural
pedestrian flow of movement.

2. ROBOT SYSTEM ARCHITECTURE

2.1. Summary of the Proposed Aerial Monitoring Ap-
proach Using Drones

In this system, an autonomous drone is placed above a
mobile robot to detect pedestrians and mobile robots on
the ground from a bird’s-eye view. The position informa-
tion of detected pedestrians is sent to the mobile robot,
allowing the mobile robot to avoid the pedestrians. The
configuration of this robot system is shown in Fig. 1.

The developed system utilizes a DJI Air 2S drone,
which has a camera with a horizontal field of view of
88 degrees and can capture the ground over a 29mx16m
area from a height of 15m. The Air 2S was chosen for its
sufficient performance to meet the requirements of our
approach. The drone transmits its captured images to a
laptop computer wirelessly via HDMI using a DJI con-
troller RC PRO. The laptop runs both YOLO and ROS,
where YOLO performs real-time detection of pedestrians
and mobile robots in the video feed. Subsequently, the
processed detection results are used by ROS to generate
a route for the mobile robot.

DJI RC PRO DJI Air 2§
HDMI wireless transmitter

YOLO

b

Laptop

ROS

Wireless video transmission Float32MultiArray

Pedestrian coordinates

HDMI wireless receiver c\_hridgp » Image

Videos, Images

Connect via HDMI QRCodeDetector

QR Code Recognition

Fig. 1: Robot system configuration .

2.2. Image Detection Techniques

For this system, YOLO is used to recognize and track
pedestrians and moving robots. Specifically, YOLOVS is
adopted, the latest version of YOLO, which has a small
computational complexity and the highest detection ac-
curacy [5].

YOLOVS is provided with five types of trained mod-
els: n, s, m, 1, and x. The YOLOv8s model is used in
consideration of the GPU load to install YOLOVS8 on a
laptop. To recognize a moving robot from a drone im-
age, the system uses the image annotation tool Labelimg
to mark pedestrians in the image, as shown in Fig. 2.
We generate a position file of the marked pedestrians and
train the YOLO model along with the original image. In
this preliminary study, 220 photos were prepared.

Mobile robot
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Fig. 2: Pedestrian recognition results.

3. PEDESTRIAN RECOGNITION
3.1. Handling Pedestrian Coordinates
When flying a drone at a high altitude, the size of the
robot and pedestrians on the screen changes depending on
the camera angle and the drone’s flight altitude. There-
fore, taking into account their geometric relationship, we
derive the coordinates of the pedestrians using Eq. (1)

[6].

Fig. 3 represents a pin-hole camera model for an op-
tical camera mounted at a drone in the air, where W and
H are width and height of monitoring range, X and Y
are width and height of a target object on the ground, D
is an altitude of the drone, O, is a viewing angle of the
optical camera according to the width orientation, F' is a
focal length between a camera lens and an image sensor,
w and h is width and height of the image sensor, = and
y is width and height of the target object captured at the
image sensor, m and n is the number of pixels for width
and height of the captured image, and x,,, and y,,, are the
number of pixels for width and height of the target object
on the capture image.

D



Width of the monitoring range

Height of the monitoring range

Width of a target object on the ground
Height of a target object on the ground
Altitude of the drone

Viewing angle of the optical camera
according to the width orientation
Focal length between a camera lens
and an image sensor

w  Width of the target object
captured at the image sensor
h Height of the target object
captured at the image sensor
T Width of the target object
captured at the image sensor
y Height of the target object
captured at the image sensor

SoO<xT =S
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m  Number of pixels for width of the captured image
n Number of pixels for height of the captured image
z.,  Number of pixels for width of the target object

on the captured image
¥,  Number of pixels for height of the target object

on the captured image

As shown in Fig. 3, the drone captures riverside areas
in vertical view and the size of the target object projected
on the aerial image is related to lots of parameters. Based
on the pinhole camera model, the width size of the target
object in pixels can be represented by the related param-
eters as follows.

3.2. Preliminary Experiment

To evaluate the detection accuracy of the proposed sys-
tem, three preliminary experiments were conducted on
the Sanda Campus of Kwansei Gakuin University. The
front of the robot was defined as the positive Y-axis di-
rection.

3.2.1 Experimentation Setup

In the three experiments, a pedestrian either ap-
proached the robot from 5m to 1m, moved away from
1m to 5m, or stood still at 4m in front of the robot. Each
experiment was repeated three times, with the robot re-
maining stationary and only the pedestrian in motion.

A drone was automatically maintained at an altitude
of 15m directly above the robot, with an altimeter ac-
curacy of 0.Im. The robot was equipped with a 2D
LiDAR sensor (LRF) to measure the actual distance to
the pedestrian. Simultaneously, the drone recorded video
footage, which was later used for pedestrian detection us-
ing YOLO.

The purpose of the experiments was to verify whether
YOLO could detect the pedestrian’s position and transmit
the coordinates to ROS for visualization. Additionally,
the distance estimated by YOLO was compared with the
true distance measured by the LRF, and the error was cal-
culated.

3.2.2 Experimental results

Figs. 4, 5 and 6 show a typical result of Experiment
1, including the real scene, YOLO detection, and Rviz
visualization. Similar procedures were applied in the
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other two experiments, confirming that pedestrian posi-
tions could be detected and visualized in ROS.
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-+ End point
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Fig. 5: YOLO recognition resolts.

(c) stillness

(a) approaching

(b) estrangement

Fig. 6: Recognition result of YOLO which is imported
into Rviz.

4. ROBOT NAVIGATION

4.1. Coordinate construction using AprilTag

In this work, a coordinate system for the robot is con-
structed using AprilTag, a vision-based binary marker de-
veloped by a research team at the University of Michigan,
which is capable of highly accurate pose estimation and
target tracking. It is effective for robot navigation and
path planning because of its higher detection accuracy,
faster processing speed, and suitability for real-time pro-
cessing compared to QR codes. It is also less susceptible
to changes in brightness and partial shielding, enabling
stable detection even in outdoor environments.

Based on the above characteristics, this study uses
AprilTag to construct a coordinate system for the robot.
Within this framework, a camera coordinate system is
constructed with the center of the drone’s camera as the
origin, and an AprilTag is attached on the robot to de-
fine the robot coordinate system. The coordinates of
the pedestrian are extracted within the camera coordinate
system and the corresponding coordinate transformation
is performed. The relationship between the robot coordi-
nate system and the camera coordinate system is obtained
by Eq. (2) and (3), and R;,4 and T}, can be directly ob-
tained from the AprilTag detector.

Ptag = Rt;gl . (Pcam - Ttag) (2)
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P,  Point in the AprilTag coordinate system

P.am Point in the camera coordinate system

Tiae  Translation vector of the AprilTag

in the camera coordinate system
Ry, Rotation matrix of the AprilTag

in the camera coordinate system
Inverse of Ry, (orthogonal matrix,

-1 _ pT
SO R‘tag - Rtag)

4.2. Processing of pedestrian location data

The pedestrian’s position relative to the robot is found
via coordinate transformation [7]. While Eq. (4) presents
the general 3D case, this system uses the 2D planar ver-
sion in Eq. (5) for practical navigation.

Xhuman Ximg Xtag
Yinuman - R;gl }/img }/tag -6 (4)
Zhuman Zimg Ztag
|:Xhuman:| _ R—l ( |:Ximg:| _ |:Xtag:| ) .5 (5)
Yiluman tag Yimg Kag
Phuman  Pedestrian position in the robot coordi-
nate system
P Detected pedestrian position in the cam-
era coordinate system
Pag AprilTag position in the camera coordi-
nate system
R;gl Inverse of the rotation matrix from robot
to camera coordinate system
) Pixel scale: real-world distance per pixel

4.3. Robot Navigation via Potential Functions

The robot’s path is planned using the potential method
[1]. The potential method creates a potential function that
attracts the robot to the target point and a virtual poten-
tial field that has an exclusion effect on obstacles such
as pedestrians, and combines the two to determine the
robot’s direction of travel. This method is a suitable al-
gorithm for robot guidance because it generates a path
based on the surrounding information, which is compu-
tationally inexpensive, and the robot’s target path can be
changed in real time.The exclusion potential function due
to obstacles such as pedestrians and the attraction poten-
tial function toward the target point are given by the fol-
lowing Eqgs. (6) and (7). Adding them together, we can
calculate the potential field at the robot’s current posi-
tion Egs. (8) and (9). The potential field is considered as
the coordinates (x,y) of the robot and (z1,y1), (x2,y2), ...,
(m,ym) of the walkers [8]. Thus, the exclusion potential
function for m pedestrians is expressed as follows Eq. (7)
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The closer the distance to the target coordinates (x4,y4),
the stronger the effect.

1
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S. EXPERIMENTS

5.1. Prototype mobile robot and drone specifications

Figs 7 and 8 show the drone and the Prototype Mo-
bile Robot used in this study, respectively. The Proto-
type Mobile Robot has two driving wheels and one caster.
The April Tag is installed to construct the coordinate sys-
tem of the Prototype Mobile Robot. In addition, 2DLRF,
which is used for comparison experiments, is installed.
The drone is a DJI Air 2S, which has a camera with a
horizontal field of view of 88 degrees and can capture
images of the ground in an area of 19 x 11 meters at a
height of 10 meters.
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>

-

Fig. 7: Side view of the Air Fig. 8:
2. Robot.

Prototype Mobile

5.2. Experimental setup

This experiment aims to verify whether the Prototype
Mobile Robot successfully detects all surrounding pedes-
trians and plans its route using a drone. The driving en-
vironment for this evaluation was the painted surface be-
hind Building V of the University (Fig. 9). The experi-
ment involved four participants, with the scene captured
by a drone. It simulates a scenario where a pedestrian
suddenly appears while the Prototype Mobile Robot is
in motion, a situation where occlusion prevents detection
by the LRF. However, our system does not experience oc-
clusion in such cases, allowing us to verify that the robot



can safely avoid pedestrians. Four experimenters are po-
sitioned in two rows on the right side of the screen (Fig.
10(a)), with two in the front row and two in the back, all
facing left. The prototype mobile robot moves from the
left side to the right at a speed of 0.6 m/s, while the exper-
imenters move in the opposite direction at 0.8 m/s. After
approximately five seconds, the experimenter in the front
row executes an evasive maneuver, shifting to the right
in the direction of motion. Meanwhile, the experimenter
in the back row, who is unaware of the Prototype Mobile
Robot, moves slightly to the left to avoid the front-row
experimenter before continuing forward (Fig. 10(b)).

Fig. 9: Scene of the Experiment in Progress.

Experiment
Participants
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(a) Example Image 1 of Experiment 3.
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(b) Example Image 2 of Experiment 3.

Fig. 10: Comparison of pedestrian detection (Fig.10(a)
and Fig.10(b)).

5.3. Experimental results
When LRF is used, the robot can only detect the pedes-
trian in front of it.The robot was unable to avoid a pedes-

0.8m/s

0.6m/s
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trian who suddenly appeared behind it, and came to a
sudden stop just before colliding with the pedestrian.
However, our system detected four pedestrians from the
beginning. Furthermore, the robot began to avoid the
pedestrians when the pedestrians in front of it made their
avoidance movements. Finally, the robot avoided all four
pedestrians and arrived at the destination safely.

With the robot stationary, four experimenters stood in
two rows, two in the front and two in the rear. LRF failed
to detect the two experimenters in the back due to occlu-
sion, whereas our system successfully detected all four
from the beginning.

The results are shown in Fig 11(a). Next, while the
robot remained stationary, four experimenters walked
clockwise around it. LRF could not detect pedestrians
behind the robot, but our system successfully identified
them. The results are shown in Fig 11(b). In the case
of using LREF, the robot could only detect pedestrians in
front and failed to avoid those who suddenly appeared be-
hind it, stopping abruptly to prevent a collision. In con-
trast, our system detected all four pedestrians from the
start.

Additionally, the robot initiated avoidance maneuvers
as soon as the pedestrians in front began their own move-
ments. Ultimately, the robot successfully avoided all four
pedestrians and reached its goal safely. The results are
shown in Fig 12.

Fig. 13(a) shows the results of LRF in the previous
study. Fig. 13(b) shows the results of the proposed
system. Our system successfully detected all pedestri-
ans, eliminating the occlusion seen with the LRF. Quan-
titatively, the robot initiated avoidance maneuvers 2.1
seconds earlier on average than the LRF-based method.
Across all experimental runs, a 100% collision avoidance
success rate was achieved, while maintaining a minimum
safe distance of 1.2m from pedestrians. This verifies the
effectiveness of the proposed method in generating a re-

liably safe route.
3[5] .
3[s]
12[s]
o

(a) LRF fails to react to pedes- (b) our system detects all four
trians appearing behind the robot, pedestrians and enables safe navi-
whereas gation

Fig. 11: Comparison of pedestrian avoidance.



(a) LRF fails to react to pedes- (b) our system detects all four
trians appearing behind the robot, pedestrians and enables safe navi-

whereas gation

Fig. 12: Comparison of pedestrian avoidance.
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Fig. 13: Pedestrians Trajectory

6. CONCLUSION

This paper proposes a navigation method for au-
tonomous mobile robots that takes into account pedestri-
ans, who cannot be detected by conventional sensors due
to occlusion, by detecting the autonomous mobile robot
and surrounding people from a bird’s-eye view using a
drone. A camera mounted on a drone captures images
of the ground, and YOLOVS is used to detect pedestri-
ans on the ground and the robot. The relative positions
of the robot and the pedestrian are then calculated in the
robot coordinate system constructed by April Tag.Using
the calculated pedestrian coordinates, we propose a robot

23

navigation method that safely avoids pedestrians invisi-
ble from the robot’s viewpoint by using the artificial po-
tential method. We implemented the proposed method
on a robot and confirmed its effectiveness through ex-
periments, which were built upon public frameworks like
ROS and YOLOVS to ensure reproducibility.
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