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An Improved CNN-LSTM Hybrid Model for Predicting UAV Flight State
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’Korea Aerospace Research Institute

Abstract

In recent years, as the commercialization of unmanned aerial vehicles (UAVs) has been actively promoted,
much attention has been focused on developing a technology to ensure the safety of UAVs. In general, the
UAV has the potential to enter an uncontrollable state caused by sudden maneuvers, disturbances, and pilot
error. To prevent entering an uncontrolled situation, it is essential to predict the flight state of the UAV. In
this paper, we propose a flight state prediction technique based on an improved CNN—-LSTM hybrid mode to
enhance the flight state prediction performance. Simulation results show that the proposed prediction technique
offers better state prediction performance than the existing prediction technique, and can be operated in
real-time in an on-board environment.
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Fig. 1 Hybrid Model Structure of Existing Technique



50 Ma-HeT AT E8s
Table 1 Conditions for Generating Flight Data Table 2 Input Data used in the Proposed
case | i | ¥ |Cmd Phieo)|  Flight fechnique
[m/s] [m/s] [deg] State a (deg) w27}
UL-1 21 10 |-45 ~ +45| Stall q (deg/s) v A 7
uL-2 | 21 5 |-45 ~ +45| Stall 6 (deg) I A7
uL-3 | 18 10 |-45 ~ +45| Stall o, (deg) dejulolE &
UL-4 | 18 5  |-45 ~ +45| stall Az (m/s%) i e
UL-5 15 10 -45 ~ +45| Stall
UL-6 15 5 -45 ~ +45| Stall sliding 71"& S8to] 22k Az 98-S 4 8kolok
UT-2 19 7 35 Stall gy 2 =wolAds dAdw A mdE adshd
UT-3 20 11 32 Stall Fig. 28} #&o] oS tlido] == ¢, 0, o5 Sl 1l
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A 71E &g 29 633 Epochol A Lossghe] 1.296
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Table 4 Training Parameters
Technique Learning rate | Batch size Unit
Existing 0.0001 64 16
Proposed 0.00005 16 128

Table 5 RMSE Comparisons for Existing and
Proposed Techniques

Test data | Technique « q [%

Existing | 0.3166 | 2.9049 | 0.3355

uT-2
Proposed | 0.0735 | 0.8400 | 0.1561

Existing | 0.0939 | 1.4494 | 0.4488

uUT-3
Proposed | 0.0857 | 0.7590 | 0.2189

0.00200 v
| R A val_loss
Q001754 —— train_loss
0.00150 4
— 0.00125
w
v
= 0.00100 4
w
8
— 0.00075
0.00050
0.00025
0.00000 T T T T T
[1] 100 200 300 400 500 600
epoch
(a) Existing Model
0.00200
------ val_loss
Q001754 —— train_loss
0.00150 4
— 0.00125
w
v
= 0.00100 4
w
8
— 0.00075
0.00050
0.00025
0,00000 L — v - et Byt iemrnily . - :
(1] 50 100 150 200 250 300 350 400

epoch
(b) Proposed Model

Fig. 5 Training and Validation Loss Graphs
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Table 6 RMSE according to Unit of LSTM Table 8 Execution Time for Predictions on PC
and Jetson TX2 Environments
Test Set| Unit @ q 0 - .
xecution
32 | 0.0889 | 1.0761 | 0.1936 Time Ut=2 UT=s
UT-2 64 0.1357 | 1.5625 | 0.2063 Min 0.0030sec | 0.0030sec
128 LR el 0.1561 PC Max 0.0050sec 0.0050sec
256 0.1312 1.2667 0.2032
Average 0.0036sec 0.0036sec
32 0.1040 0.8670 0.2963 :
ra 64 0.0707 0.7759 0.2769 Leteon Min 0.0193sec 0.0194sec
256 0.1078 0.9488 0.3010 Average 0.0221sec 0.0218sec
Table 7 RMSE Comparisons for Padding Current SAS FEFm A, FA EAS Hr gydom
Data-or not ukeg 317 40}04 Aoraty EgEde) e 23k 34
=75 55:1. }\]—,—L‘V_}/H v‘i‘ﬂ% %; 01?:&,
No | 0.1012 | 1.1164 | 0.1989 Hele7h Frhdn £ 434 £48 Feie o
UT-2 dolg ZolE ZAAToZHN Yol EFAQs JYH| =
Yes 0.0735 | 0.8400 | 0.1561 o ] ° 1 A = &
AAg o)A S F3] A*s= CNN-LSTM X
No 0.1130 | 0.9901 | 0.3259 o } )
UT-3 L& FEI o5 7ol VE A5 VIHEY $4%
Yes 0.0857 | 0.7590 | 0.2189 o= Ko AU 9SS o 2= 9otk ek PCot
enc #AgdAe TE 4¥L Fskel A el
P oAZ ol ks AL 4 AT F A 30 Hz F719) vlolEld] tlate] Axon eaH >
th o]k AL dAl "lolE FrtE <Qlate] sk 9l oo Bolalgit)
g a3t A E S o g
= 7
4.2.3 HAZE 73 7IsH HE
¥R A Adshs EgRAS olgd v g W oEne BEeTdTae FEMER o7l
= s ) Z213 22 0li= 2| Z 3ol
Oﬂ_l 7]]:'01 /\E/\ Z_]_——Q—E OX_IE T 9;1\1__ X]E —1?__0}_ o];]]voq ?j_:]‘LH] 7\]%(21ACTO—B151664—03)°ﬂ 94.(:5]] :I*:_
= e T23% Yol Table 82 PC 343 2w = AU
oA AR o= 7R A3 At gk dF
A3E HojFEr) Table 84 z¢HsH: oS 71 o]
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