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Introduction

Downwash effect?

» CFD 5|mulat|on for a DJI Phantom 3 quadrotor
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Introduction

Downwash effect
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System Overview
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System Overview
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Nonlinear MPC
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Nonlinear MPC
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Collection of Disturbance Data
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Training for Disturbance Network
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Network Downwash Prediction NMPC (NDP-NMPC)
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System Identification

Rotor Parameters
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Parameter(s) Value(s) Unit
L 0.1372 m
Q 45 deg
m 1.5344 kg
g 9.81 m/s?
J . 0.0094 kg - m?
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kq 3.7611 E-4 N -m/kRPM?
k¢ 2.8158 E-2  N/kRPM?
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Flight Experiment --- Baseline

Baseline




Flight Experiment --- NDP-NMPC

-

NDP-NMPC

lt,

e s it
17 e
l

<

14



Comparison of Results
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Conclusion B 7023

Nonlinear MPC for Quadrotors in Close-Proximity Flight with Neural
Network Downwash Prediction

Jinjie LI, Liang HAN*, Haoyang YU, Yuheng LIN, Qingdong LI, Zhang REN

* Problem: downwash effect in two quadrotors
 Method: neural network + Nonlinear Model Predictive Control (NMPC)
* Achievement: two quadrotors, 0.5m close-proximity flight

Future Work

- Extend to more drones (Graph Neural Network, etc.....)
- Considering closed-loop disturbance estimation
- More extensive comparison with other control methods



L FIRTL IR R R

BEIHANG UNIVERSITY

Thanks for listening!

Scan here and try
simulation!

Learn more about
my research!

E E About me now: Doctoral Student, University of Tokyo, Supervised = zm
Eﬂ_ by Dr. Moju ZHAO, who created the DRAGON robot - Py aral

. Homepage: https://jinjie.li/




	幻灯片编号 1
	幻灯片编号 2
	幻灯片编号 3
	幻灯片编号 4
	幻灯片编号 5
	幻灯片编号 6
	幻灯片编号 7
	幻灯片编号 8
	幻灯片编号 9
	幻灯片编号 10
	幻灯片编号 11
	幻灯片编号 12
	幻灯片编号 13
	幻灯片编号 14
	幻灯片编号 15
	幻灯片编号 16
	幻灯片编号 17

