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Simulation and Flight Test of a UAM Scaled Model
Using a CNN-based Modular Precision Landing System
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Abstract: Urban air mobility (UAM) requires precise take-off and landing maneuvers in urban environments. This study proposes an
algorithm that uses a convolutional neural network to recognize an H-shaped unknown landing marker as a landing target and issue it
as a precision guidance command in a fixed 3D body coordinate system. The UAM can make precise landings through this approach,
even on existing landing pads without any landing guide facility. The algorithm was developed and verified through a software-in-the-
loop simulation. It was then implemented and modularized on a companion computer to be applied to all flight control computers
operating on MAVROS. In addition, the modular precision landing system was mounted on the UAM scaled model and verified through

a flight test. Consequently, precision landing performance was verified in both simulation and flight tests.

Keywords: urban air mobility, convolutional neural network, image recognition, modular precision landing system, SITL (Software

In The Loop simulation), flight test
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Table 1. Mean Average Precision condition parameter.
Confidence threshold 0.75
ToU threshold 0.45
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FOV f (Focal length)
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Algorithm 1. Precision landing command publish node.
1:  publish SET MODE = ‘OFFBOARD’
2:  while not disarm
3 subscribe cy, ¢, h

4: f =10.003, K, =0.15,K,, = 0.15,K, = 0.06

5: # Calculate relative distance

6:

7

8

9

dx =hxc/f

dy =hx*cy/f

# Coordinate transform & calculate velocity commands
Uema = Ky * ay

10: Vema = Ky * 62x

11: Wema =K, *h

12: Tema = 0 # Set yaw-angular rate command
133 if h<=Sand(d, > 0.3 o0rd, > 0.3)
14: Wema = 0

15: elseif h<=1.5

16: publish SET MODE = ‘LAND’

17: end

18: end

19: publish Ucymg, Vema, Wema Tema

a9 6 AUAT ¥Y 3 dags

Fig. 6. Precision landing command publish algorithm.
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2. Monte Carlo Simulation Result
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Fig. 13. Flight test data of precision landing.
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