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Abstract

In the field of UAM, which is attracting attention as a next-generation transportation system, technology
developments for using UAVs have been actively conducted in recent years. Since UAVs adopted with these
technologies are mainly operated in urban areas, it is imperative that accidents are prevented. However, it is
not easy to predict the abnormal flight state of an UAV causing a crash, because of its strong non-linearity.
In this paper, we propose a method for predicting a flight state of an UAV, based on a CNN-LSTM hybrid
model. To predict flight state variables at a specific point in the future, the proposed model combines the
CNN model extracting temporal and spatial features between flight data, with the LSTM model extracting a
short and long-term temporal dependence of the extracted features. Simulation results show that the proposed
method has better performance than the prediction methods, which are based on the existing artificial neural
network model.
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Fig. 1 Flight state prediction using NARX model
with closed loop
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Fig, 2 Flight state prediction using CNN model
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Fig. 3 Proposed hybrid model structure to predict
flight status variables
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Fig. 4 Basic structure of LSTM model
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Table 1 Conditions for generating upset flight data

Case Initial V Cmd V Cmd Phi(¢) v Ar
(V) [m/s] | (V) [m/s] [degl
UL-1 21 10 -45 ~ +45 | Stall
UL-2 21 5 -45 ~ +45 | Stall
UL-3 18 10 -45 ~ +45 | Stall
UL-4 18 5 -45 ~ +45 | Stall
UL-5 15 10 -45 ~ +45 | Stall
UL-6 15 -45 ~ +45 | Stall
UT 19 35 Stall
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Fig. 6 The trajectory of UAV. (a) normal flight
and (b) upset flight.

Figure 69 (a)9 o] 9a #AL Ho|x|ut A& &=
olgtE dlEzt Age= (bek o] 948 AXES

Hojh upset Aol WA= As A = Al

=300m, V,=19m/s, #,=0deg)z} Ao} WH(V,=7Tm/s,
#.=35deg)°ll 93t AHE v dHlolEE HAE d
o] E](test data)@ AF&-3FST.

v mla e mAF AlEdoldS Fa AdE

H Y dlole & 7R ol upset I WA A

= e F5 98 FHET a,q.0,0,,, Vy HE 9
g deolElE A A& dolHEe] A AH
gl @7t Adolstr] wiel 9w deAA
% mdel Qo AT A wol 2 A
s BFR A3k oprld 5 Y] el 4 e
F5¢ Aitstels #gol aTdrh. B =RdAe
Eq. 13} Z°] min-max#s AH&sle] zF AHHSE
2 0~14ke] ghoz Aitasgi.

MinMaz Normalize = 2 —min(2) 1)

(max(z) — min(x))

= dle]E5S CNN-LSTM
Z¥nde]  gdeor Akgstr] 98t

S Zgste] AarstE vlelHES 50x6
oj#] gk Il ¢
ste] & 23,190709 Az GEol AAEALH o
= TA9E 80% delEE % dHelHE A
20%% #% dlolEl(validation data)® ¥ 3} ).

window

3t7] fsted NARX =4
CNN-LSTM =4S 7tz &
o]&3te] o ZAIE W3t

A A oNA

deolEl &
el A& 37F
t,-0.98sec7k4 & 50
AR&3ke] ¢,
+0.2sec A1HY a,q,05 dFstEs 5ol FIFHS
th. Table 2%& FFol AH&¥ FEH|HEEA NARX
2dl CNN 2¢ 28]z CNN-LSTM &3 mdd &
dstA AH&HAT 2o 2t REE0 HH g A
B2 3l7] 98] early stoping 719Ho]

5)
ATk o] 7HE st 5 YA epoch &
Kol
=

A wa

o

time step9 a,q0,de,,, VpH HOlEHE

FAsn A5 e gAE ok

Table 2 Training parameter.
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Table 3 Training result

250 300
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NARX 4,440 296 0.00006864
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Table 4 RMSE for predictions perfomed by neural
network model

a(deg) q(deg/sec) 0 (deg)
NARX 0.4783 4.5982 0.4780

CNN 0.4335 5.2610 0.2391
CNN-LSTM 0.1464 1.3773 0.2331
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